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Abstract 
Sugarcane farmers have long understood the nutrient benefits of recycling milling 
by-products and returning them to the cane fields. This practice is mutually 
beneficial to the millers and growers as it lowers costs for both parties, by reducing 
fertiliser requirements for the farmers and removing disposal costs for the millers. 
Two by-products recognised for their nutrient compositions and soil conditioning 
properties are mill mud and mill ash, which are high in carbon, nitrogen, and 
phosphorus, and silicon and potassium, respectively. 
Recent legislative changes regarding the environmental safety of the Great Barrier 
Reef target nutrient run-off from the neighbouring cane fields in northern 
Queensland. Specifically, the Great Barrier Reef Protection Amendment Act 2009 
requests reform for the application of fertilisers and nutrients by utilising precision 
farming, which will benefit both the farmer and the aquatic environment of the reef 
catchment. Precision farming involves optimising fertiliser and by-product 
application to the needs of the soil and plant, and requires a thorough knowledge of 
the nutrient content of both the soil and products applied to it. While this is beneficial 
to the farmer, the financial and time cost of such thorough agronomic testing by 
traditional methods would be crippling to the industry. Although mill mud and mill 
ash are not currently included as the main products of interest in the legislative 
requirements, it is expected this will change in the near-immediate future. 
Current wet chemistry analyses of by-products are slow, manual, and require the 
skills of a chemist, armed with a well-equipped laboratory. Near infrared (NIR) 
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spectroscopy has been proposed as a rapid and cost-effective method for determining 
the nutrient content of the by-products as they are produced in the mill. 
This project investigates the feasibility of this proposal by developing methods and 
calibrations for the detection of carbon, nitrogen, potassium, phosphorus, and silicon 
in mill mud and mill ash, as a proof of concept. Partial least squares regression (PLS) 
was used to develop a total of 50 calibrations using a combination of derivative and 
normalising pre-treatments. Chemometric analysis determined that calibrations for 
carbon (SECV value of 1.45 and RPD value of 2.80), nitrogen (SECV value of 
0.0865 and RPD value of 3.01), phosphorus (SECV value of 0.144 and RPD value of 
1.88), and potassium (SECV value of 0.0453 and RPD value of 4.19) were possible 
for mud; however, no acceptable calibrations were able to be developed for ash.  
The physical and chemical characteristics of the samples were interrogated by fuzzy 
clustering, SEM and EDX. These techniques identified three distinct sample-types: 
pure mud (high in carbon, nitrogen and phosphorus), pure ash (high in potassium and 
silicon) and a mixture of mill mud and mill ash (nutrient concentrations intermediate 
to the two pure products). Further characterisation of the mostly-inorganic ash 
samples by XRD identified quartz and feldspar (likely alkali-feldspar). 
Suggestions for future work that would allow global mud calibrations to be 
constructed have been provided. The adoption of NIR spectroscopy for nutrient 
detection of by-products, in response to imminent legislative changes would be a 
progressive move by the Queensland Sugarcane Industry, allowing them to remain 
competitive with foreign markets and support the local farmers and millers. 
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1.0 CHAPTER ONE 
INTRODUCTION 
The sugar industry is one of the most important rural industries in Australia, 
producing 32 million tonnes of sugarcane and earning revenues of $1.5-2.5 million 
annually [1]. Research in this field, typically focussing on breeding improvements 
and technologies, precision farming, milling technologies, and bio-fuel production, 
directly benefits the Queensland economy, with 95 % of the industry outputs 
originating from Queensland based facilities. 
In late 2009, the Great Barrier Reef Protection Amendment Act 2009 was added to 
the Environmental Protection Act 2004 [2]. The Amendment outlined the effect of 
fertiliser and run-off from sugarcane farmlands on the water catchments of the Great 
Barrier Reef and suggested reform. The purpose of the Amendment was to encourage 
farmers to monitor their fertiliser use, and limit it to optimum application rates, 
which were to be enforced through regular testing. The negative effects of farming 
practices on the environment and reef, in particular, have been known for some time 
and significant efforts have already been made by the industry to reduce their impact.  
Sugarcane by-products have long been recognised by Australian cane farmers as 
prolific sources of nitrogen, potassium, and phosphorus, when returned to the cane 
field. These inexpensive sources of macro and micronutrients allow for a reduction in 
the use of chemical fertiliser, as well as an increase in product yield and quality [3, 
4]. However, due to inefficient and mostly un-monitored distribution, there is often 
trending towards unbalanced nutrient provision between farms and localities. 
Traditionally, the nutrient composition of these materials is determined by wet 
  Chapter One 
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chemistry methods that are time consuming and expensive. They include acid 
digestion, and dry ashing and alkali fusion, both with an inductively coupled plasma-
atomic emission spectroscopy (ICP-AES) finish, as well as dry combustion using the 
Dumas method. These methods are impractical for the everyday testing of mud and 
ash materials produced by the mills. Instead, a cost-effective and rapid method of 
analysis is required for routine use. It is proposed NIR spectroscopy may be the 
future of nutrient detection for mill by-products, mud and ash.  
Near infrared spectroscopy is a valuable technique which was not well utilised until 
the advent of chemometrics; the application of multivariate data analysis to the field 
of chemistry. The broad, overlapping, and uncharacteristic bands were considered 
too difficult to interpret and predict without statistical or computational help. 
Research conducted through the 1970s and 1980s developed prolific, parallel 
advances to the fields of chemometrics and NIR spectroscopy. As more became 
expected of NIR spectroscopic methods, statistical techniques were further extended 
and refined until they produced feasible calibration models for chemical constituents 
and physical properties, and were broadly accepted in the scientific community. The 
sampling properties and overall speed of the technique have made it an invaluable 
part of an analytical chemist’s toolbox. Current instrumentation has the ability to 
record spectra for liquid or solid samples, with little to no sample preparation, in a 
variety of environments. 
It is proposed that NIR spectroscopic methods are capable of providing real-time, 
online nutrient profiles of sugarcane by-products as they exit the milling train for 
transport to local farms. This technology would allow farmers to know the 
concentration of the nutrients of interest in each by-product shipment, prior to farm 
Introduction  
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application. This is beneficial to the farmer by assisting with legislative requirements 
and allowing for more effective nutrient application within precision farming 
systems. Further, installation of NIR instruments in mill laboratories would allow 
millers to monitor the internal performance of the factory. 
The purpose of this study is to complete a proof of concept exercise through the 
development of rugged, laboratory-based NIR calibrations for the detection of 
carbon, nitrogen, potassium, phosphorus, and silicon in mill mud and mill ash. The 
collection of samples for calibration was conducted across all three Mackay sugar 
mills throughout the 2009 crushing season in a deliberate attempt to incorporate or 
capture as much sample diversity as possible within the district. In this way, the 
samples collected represent a broad cross section of the 72 500 hectares of sugarcane 
grown across the district. If robust calibrations are developed for this dataset, it is 
expected that expansion of the calibrations to include additional milling districts and 
time-spans will be successful, and allow for global calibrations for nutrient 
components within mill mud and mill ash samples. This would be a progressive step 
forward for the Australian sugarcane industry and their ability to conform to new 
legislation. 
The following thesis will outline each of the major research processes required for 
such a proof of concept exercise. Chapter Two will identify and describe the current 
research on the application of NIR spectroscopic techniques to nutrient analysis, and 
discuss its contribution to this research. Further, pertinent literature relating to 
sugarcane farming and milling, chemometrics, and calibration development will also 
be discussed in context. Chapter Three will describe the sample collection and 
experimental methods in detail for both the wet chemistry and NIR analyses. This 
  Chapter One 
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will be followed by a discussion of the preliminary results in Chapter Four. Chapter 
Five will describe the construction and validation of the individual NIR calibrations 
and present the outcomes for each. Considerations of the sample composition, matrix 
effects and their impacts upon NIR spectral interpretations and calibration 
performance will be provided in Chapters Six and Seven. Finally, Chapter Eight will 
describe the final outcomes of the proof of concept and will provide suggestions for 
future work and applications. 
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2.0 CHAPTER TWO 
LITERATURE REVIEW 
In order to realise the potential of NIR spectroscopic methods in their application to 
sugarcane we must first identify and marry several compatible techniques and 
methods. To perform this task, a thorough understanding of the available literature is 
required. This will assist in identifying competing and complementary theories, 
novel approaches, and absences in the field. From this information, a well-rounded 
approach can be utilised to produce a study of quality and significance. 
This review will begin with a basic explanation of sugarcane and the processes it 
undergoes to produce the by-products of interest, mill mud and mill ash. Further to 
this, the qualities, uses and environmental implications of mill mud and mill ash will 
be discussed. The focus will then shift to the methods of obtaining nutrient profiles, 
including traditional wet chemistry methods and NIR spectroscopic methods. 
Various comparisons will then be made to identify preferred chemometric techniques 
to couple with the NIR spectroscopy and obtain a valid outcome. Finally, the 
application of these techniques to on-line analysis will be presented as an 
introduction to the future purpose of this investigation. 
Sugarcane is a tall grass that is cultivated as a harvest crop in tropical and sub-
tropical regions for its high concentration of sucrose (sugar). In Australia, sugarcane 
is grown in regions spanning 2100 km of coastline along the east coast; from 
Mossman in far north Queensland to Grafton in New South Wales. The breeding of 
complex hybrids, generally derived from Saccharum officinarum and broadly 
classified under the Saccharum genus, sees a multitude of ‘designer’ species capable 
  Chapter Two 
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of withstanding local environments and pests, whilst producing high biomass and 
sugar yields. Ultimately, the yield of sugar is variable and depends on a combination 
of climate, sugarcane variety and management practices, among other things.  
The gross biology of the monocotyledonous sugarcane plant consists of the stalk, 
leaves, flowers and root system. The stalk consists of a series of internodes 
(intermediate regions) and nodes, approximately 150 mm to 200 mm apart, where the 
leaves are attached. The sugar is produced during photosynthesis in the leaves of the 
plant, and is stored in the stem in high concentrations. As a result, the stem is the 
target of the harvest and ideally, the tops (fresh growth) and leaves are removed in 
the harvesting process and left in the field as green trash blanketing.  
The original crop is grown from setts which are small cuttings of mature cane stalks 
that contain a node with a bud from which a new plant can grow. Setts are not 
replanted every season, rather, ratoon cropping, where a new plant is grown from the 
stubble of the previous harvest, is effective for multiple seasons. Eventually, 
however, the declining yield requires the ratoon cane to be ploughed out and re-
planted. The growth of the cane during these varied stages is managed and optimised 
by careful application of essential macro- and micro-nutrients (Figure 1). Each of 
these nutrients is critical to the optimal success of the plant, although they are 
required in different quantities. BSES’ Manual of Cane Growing [5] illustrates the 
need for balanced nutrition, demonstraing that the overall benefit of nutrients to a 
plant is only as strong as the weakest link i.e. even if a soil is 50% deficient in a 
single nutrient, only 50% of the maximum potential of the crop can be obtained. 
Similarly, supplying an excess of each nutrient does not necessarily cause an increase 
in yield, and may even act as an inhibitor to the yield, as well as increasing 
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unnecessary costs for the grower. Therefore, it is important growers optimise their 
nutrient application and adopt precision farming techniques where possible, to allow 
nutrient concentration targets to be consistently met, but not overstepped. This has a 
two-fold effect of optimising return on expenditure for the grower, and reducing the 
chance of agricultural pollution. 
 
Figure 1- Essential nutrients for the sugarcane plant 
The removal rate of nutrients from the soil varies from region to region; however, the 
higher yielding regions typically show a greater plant uptake of nutrients per hectare. 
Table 1 shows the average amount of each nutrient removed by the cane crop (cane, 
tops, trash) in terms of kg/ha [5]. 
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Table 1- Average amount of each nutrient removed by cane crop in terms of kg/ha.  
 Note: Region 1 refers to Mossman to Cairns, region 2 refers to Babinda to Tully, 
region 3 refers to Herbert, region 4 refers to Burdekin, region 5 refers to Mackay, 
region 6 refers to Bundaberg, and region 7 refers to Maryborough to Rocky Point. 
Nutrient 
Region 
1 2 3 4 5 6 7 
Nitrogen 143 122 128 154 123 150 134 
Phosphorus 18 17 15 37 18 23 20 
Potassium 217 208 139 276 203 260 234 
Calcium 39 27 30 55 41 51 31 
Magnesium 26 18 29 57 35 52 36 
Sulphur 35 25 25 47 25 48 34 
Copper 0.09 0.07 0.090 0.11 0.09 0.09 0.12 
Zinc 0.68 0.46 0.43 0.59 0.38 0.37 0.39 
Iron 6.42 7.32 7.49 5.65 6.93 8.61 6.56 
Manganese 3.79 3.91 4.89 1.90 3.64 2.66 2.89 
Cane yield (t/ha) 100 93 74 119 84 92 85 
 
Of the 17 nutrients essential to plant growth, five will be discussed in detail within 
this project, carbon, nitrogen, phosphorus, potassium, and silicon.  
Whilst carbon itself is not considered to be an essential nutrient for plants, its 
presence and soil content is integral to their survival. Soil organic matter refers to all 
of the living, or once living, components of the soil (including elements such as 
carbon, oxygen, nitrogen, hydrogen, and calcium), and is indicative of the potential 
sustainability of a system [6]. The percent total organic carbon is used as a measure 
to infer the percent organic matter of a soil, using a factor of 1.72. This conversion 
requires some assumptions, however; the most notable being that the soil organic 
matter contains 58 % organic carbon. This relationship is important as the organic 
carbon triggers nutrient availability through mineralisation, as it is a source of energy 
for soil bacteria and microbes. The nutrient most affected by the mineralisation 
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potential is nitrogen, as it is completely dependent on nitrification by bacteria for 
plant availability. The balance between the nitrogen and carbon concentration in soils 
must be maintained to prevent the bacteria leaching nitrogen from the plant during 
soil deficiency, or, reducing the amount of mineralised nitrogen when soils are 
deficient in carbon [7]. Further, organic carbon containing compounds act in roles 
that stabilise soils through agglomeration [8], improve soil porosity for air, water and 
root structures [9], and prevent nutrient fixation, improving plant availability [10]. 
Biological control of diseases and pests is also improved by an increase in soil 
biodiversity and improved soil health [11]. Too little soil organic carbon results in 
reduced nutrient mineralisation due to lower microbial activity and soil stability. 
Also, drainage and airflow are affected, and the disturbance of many soil equilibria 
results in increased toxicity and pest activity. Lowering the carbon/nitrogen ratio in 
soil by providing organic carbon will increase the mineralisation potential of the soil, 
improving the availability of nitrogen; as well as increase the quality of the soil, 
improving plant growth. 
Nitrogen is integral to plant growth due to its incorporation in many necessary 
organic compounds such as proteins, amino acids and amides [12, 13]. Further, 
sufficient nitrogen is required for optimum photosynthesis and therefore, sugar 
production. Many investigations indicate the importance of nitrogen in the growth of 
new leaves [14], and suggest immature sugarcane plants consume luxury levels of 
nitrogen if available [15] and will translocate only the required levels to the new 
growth at the tip of the plant [16]. Too little nitrogen results in the stunting of whole-
plant growth and yellowing of leaves [17], resulting in reduced photosynthetic 
activity. Over-fertilisation of nitrogen is also a problem, and causes a reduction in 
sucrose content due to delayed maturation [18], dilution of juice, diminished quality 
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[19], and increased disease potential [13]. BSES’ Six Easy Steps program suggests a 
new approach to the application of additional nutrients. It recognises different soil 
types have varied nitrogen mineralisation potentials, and takes this, as well as 
expected yield into account when suggesting rates of fertiliser application for an area 
[20]. Table 2 describes the nitrogen fertiliser recommendations for the Herbert and 
Bundaberg districts. 
Table 2- Nitrogen fertiliser recommendations for the Herbert and Bundaberg districts [20] 
Nitrogen 
mineralisation index 
Soil organic 
carbon (%) 
Recommended application rate (kg N/ha) 
Actual Rationalised 
Very low <0.40 160 160 
Low 0.41-0.80 150 160 
Moderately low 0.81-1.20 140 140 
Moderate 1.21-1.60 160 140 
Moderately high 1.61-2.00 120 120 
High 2.01-2.40 110 120 
Very high >2.40 100 100 
 
Phosphorus is absorbed by plants as phosphate and is present as various forms in 
nucleic acids, phospholipids, and adenosine tri-phosphate [21]. As a result, 
phosphorus is active in many biochemical processes such as photosynthesis [22], and 
cell division and growth [13]. Clements describes the requirements of phosphorus for 
the synthesis and translocation of sucrose dimers from their monomeric precursors 
[22]. The impact of phosphorus on cell division and cell growth explains the 
importance of phosphorus in the root development and growth of young plants [18]. 
Further, phosphorus encourages maturation of the young plant, reducing the effects 
of over-fertilisation with nitrogen. Overall, sufficient phosphorus promotes root 
growth, stimulates tillering, and improves plant growth, resulting in increased yield 
and juice quality [23]. Too little phosphorus results in stunted growth with thin, short 
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leaves that are often tinged with red or purple. Also, young plants may fail to breach 
the surface of the soil [17]. Alternatively, excess phosphorus in the soil may trigger 
deficiencies of other nutrients such as zinc [24] and copper [25]. The current levels 
of phosphorus in most Australian soils are high due to continued applications of 
excess fertiliser [26]. As with nitrogen, BSES’ Six Easy Steps program describes 
how the uptake of phosphorus by a sugarcane plant depends on the sorption 
properties of the soil it is grown in, and suggests tailoring fertiliser applications 
accordingly [20]. Table 3 describes the proposed phosphorus application rates for 
soils of various sorption properties. 
Table 3- Proposed phosphorus fertiliser recommendations, adapted from [20] 
 BSES P in soil test 
Phosphorus 
sorption class 
Recommended phosphorus application (kg P/ha) 
Plant cane Ratoon cane 
O
ld
 c
an
e 
la
nd
 
>60 All No phosphorus for at least 2 crop cycles 
40-60 All No phosphorus for at least 1 crop cycle 
20-40 
Low 10 0 
Moderate 20 0 
High 30 0 
10-20 
Low 10 10 
Moderate 20 20 
High 30 30 
<10 
Low 20 20 
Moderate 40 30 
High 60 40 
N
ew
 c
an
e 
la
nd
 
 
Low 40 20 
Moderate 60 30 
High 80 40 
 
Potassium remains in its ionic form both in soil and plant material. This ionic 
behaviour allows it to perform in many roles, including the movement of sugars from 
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leaf to stalk [18], the movement of water through osmotic imbalance, particularly in 
the root and stomatal systems, as well as the activation of certain enzymes, such as 
those involved in photosynthesis [27]. Potassium also helps to prevent premature cell 
death and controls starch formation [17]. Potassium deficiency results in stunted 
growth, thin stalks, and a red leaf midrib [28]. Further, juice quality will suffer and a 
reduction in photosynthesis will reduce the overall sucrose production of the plant 
[13]. A balance between the nitrogen and potassium available to the plant is critical 
to the success of the crop, as the osmotic control capabilities of potassium are 
required to allow the cell growth driven by the presence of nitrogen [18]. Sugarcane 
will readily absorb potassium in excess amounts and maintain luxury levels where 
available. Whilst potentially increasing the overall growth of the crop, over-
fertilisation with potassium often impacts the recovery of the sucrose during milling 
by increasing the ash content of the sugarcane juice [17]. Also, excess potassium can 
cause deficiencies in other nutrients, such as calcium and magnesium [17]. Similarly 
to nitrogen and phosphorus, the new potassium fertiliser guidelines are specific to 
various soil types, as described in Table 4. 
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Table 4- Proposed potassium fertiliser guidelines for soils with low nitric K values [20] 
Note: Application rates may be reduced when nitric K values are >0.500 
 Exchangeable potassium (me%) 
Fertiliser application (kg K/ha) 
Plant First ratoon 
Lo
w
 c
la
y 
so
ils
  
(<
24
%
 c
la
y)
 
<0.18 120 120 
0.181-0.210 100 120 
0.211-0.240 80 120 
0.241-0.270 60 100 
0.271-0.360 40 100 
0.361-0.390 0 100 
>0.391 0 0 
M
od
er
at
e 
cl
ay
 so
ils
  
(2
4-
36
%
 c
la
y)
 
<0.21 120 120 
2.11-0.24 100 120 
0.241-0.270 80 120 
0.271-0.300 60 100 
0.301-0.390 40 100 
0.391-0.420 0 100 
>0.420 0 0 
H
ig
h 
cl
ay
 so
ils
  
(>
36
%
 c
la
y)
 
<0.24 120 120 
0.241-0.270 100 120 
0.271-0.300 80 120 
0.301-0.330 60 100 
0.331-0.420 40 100 
0.421-0.450 0 100 
>0.450 0 0 
 
Silicon is not considered to be an essential nutrient for plants, however, it is found in 
the tissue of nearly all plants, particularly tall grasses. Further, multiple benefits such 
as increased resistance to drought, heavy metal toxicity, pests and pathogens, as well 
as improved crop quality are attributed to the nutrient [29, 30], even though the plant 
processes are still unknown. Reviews on the potential benefits of silicon nutrition are 
available [30, 31]. Silicon deficiency in sugarcane can be identified by a bronze 
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freckle on the sun-active side of old leaves [17]. Silicon is abundant in soils, but is 
often present in unavailable forms [29] and the critical levels of the nutrient are yet to 
be determined. 
Once the nutrient balance is optimised and the sugarcane crop has reached its full 
potential after several months of growth, the plants are harvested and sent to the mill 
where the sugar is extracted and crystallised. Sugar mills operate around the clock 
and depending on their size, process between 300-1000 tonnes of cane per hour. The 
milling train is a complex and dynamic system that is optimised at each step 
according to the requirements of the current load. Each mill operates a slightly 
different system; however the fundamentals are similar for each.  
Sugarcane is delivered to the mill in 200-250 mm length billets and is processed 
within 16 hours of harvest to maximise the return and reduce the deterioration of the 
cane and its components. Upon arrival at the mill, the billets proceed through a series 
of crushers, which break open the cells of the cane and release the sugar-containing 
juice from the fibrous stalks. As it travels through the milling train, the bagasse 
(remaining fibrous stalk) is imbibed with water to remove any residual juice still 
present in the cells. Typically, this low concentration juice is combined and treated 
with the pure juice extracted previously. At this point, the bagasse consists of 
approximately 5% of the original juice, woody fibre, and approximately 55% water. 
This is the first major by-product of the milling process and, typical of the industry, 
progresses to another region of the mill for recycling.  
Bagasse has many uses, both as a commercial product and within the mill. Typically, 
the bagasse is sent to the boilers for use as fuel, and is burnt to yield high pressure 
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steam. This steam drives the turbines in the mill and produces power to run the plant 
and sell back to the electricity grid for profit. Burning the bagasse leaves a large 
amount of inorganic residue in the boilers that is commonly known as mill ash or 
boiler ash. Mill ash is high in potassium and silicon and is often returned to the cane 
field for its nutrient loading, conditioning, and ameliorating properties. This use of 
the ash material identifies it as a product of interest for this project.  
The juice extracted from the cane stalks contains the sugar, but requires significant 
purification. This is performed by clarification; a process designed to remove both 
soluble and insoluble impurities. Clarification begins in the liming tank where the 
addition of lime (calcium carbonate) neutralises the juice and encourages the 
precipitation of calcium phosphate, which traps impurities such as waxes, dirt, and 
other suspended solids. Phosphoric acid may also be added if the natural phosphate 
levels in the cane are too low. The juice and solids are then moved to a series of 
heaters which act to kill bacteria, denature proteins, and remove the oxygen from the 
juice. Clarification of the juice occurs in the clarifiers, where the solids are allowed 
to settle out of the juice by gravity. This is often accelerated by the addition of 
anionic flocculants such as partially hydrolysed polyacrylamide (PHPAM), which 
agglomerates the precipitated materials into macro-flocs and encourages rapid 
sedimentation. After a period of time, all of the solids and impurities are present on 
the floor of the clarifier, leaving a clean, pure juice behind. These solids are called 
mill mud or filter mud, and are removed from the clarifier and subjected to a 
filtration process to remove any residual juice present. Bagacillo, a fine bagasse 
fibre, is added to the mud before it passes through a rotary vacuum filtration unit. 
This process washes the juice from the mud with water and returns it to the heating 
stage of the clarification process. The residual mud is compacted during this 
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procedure, and removed from the drum as a cake and sent to waste. The mud is high 
in carbon, nitrogen and phosphorus and is most often returned to the cane field as a 
nutrient supplement. As with the mill ash, the return of this product to the cane field 
proffers it as a second by-product of interest for this project. 
The juice remaining after the clarification step contains approximately 85% water, 
which requires removal for sugar crystallisation to occur. The evolution of the juice 
through a series of boilers under vacuum removes the water, concentrating the juice 
into a syrup. 
Crystallisation typically takes place in a series of three boilers and vacuum pans. In 
the first pan, the syrup is evaporated until the sugar content is at saturation. Seed 
crystals are then added to the pan and conditions are carefully optimised to allow for 
their growth to a specific particle size. At this stage, the crystals are contained in the 
remaining syrup, which is very dense and the combination of the two states is known 
as a massecuite. The massecuite is removed from the pan through the floor and 
centrifuged in a centrifugal. This separates the syrup or molasses from the raw sugar 
crystals and sends it through to the second boiler and vacuum pan. Of the three 
crystallisation stages, three grades of sugar and molasses are produced and are 
known as A, B and C yields. The A and B yields of sugar are combined as raw sugar 
after being air dried in large, rotating drums. The C sugar has a typical 0.3 mm 
particle size and is used as seed crystals in the beginning stage of the next batch. The 
molasses continues through each of the three crystallisation steps until all 
recoverable sugar is removed and is eventually removed from the mill as a by-
product. Unlike the mill mud and mill ash, molasses is commonly used for alcohol 
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fermentation and stock-food supplements rather than as a nutrient source in the cane 
fields. Therefore, it will not be a focus of this study. 
The purpose of clarification in the milling process is to remove contaminants and 
impurities in the juice, such as soil, proteins, residual plant material, and various 
other solids and insoluble materials. As a result, the by-product produced, mill mud, 
is a heterogeneous, complex material. Typically, mill mud is a thick red-brown 
sludge that consists of small, tightly agglomerated particles, and a high moisture 
content of around 80-85%. The presence of organic acids, plant materials, and 
denatured proteins gives mill mud high elemental nutrient loadings of carbon and 
nitrogen, whilst the addition of phosphoric acid during clarification results in a high 
phosphorus loading in the final product. Mill mud also contains notable levels of 
other essential nutrients [32]. 
Alternatively, mill ash, a product of burning bagasse, contains almost no organic 
material, as would be expected; however, it does show appreciable levels of 
inorganic elements potassium and silicon. Ash has a much lower moisture content 
than mud, typically around 40%. The ash is a dark grey to black colour and is rather 
heterogeneous, as organic, bagacillo-like particles can be easily observed. 
Identifying their significant nutritive value and ameliorating effects, farmers have 
been returning these by-products to the cane fields for generations. However, only in 
recent history has the community identified value in quantifying the nutrients and 
effects of by-product addition to the soil. Kingston [33] reviewed some of the early 
research from the 1970s and 1980s, which described the nutrient composition, and 
soil and plant responses to mill mud in other cane-growing countries. Unsurprisingly, 
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the composition of the products varies depending on soil type and origin, milling 
processes, and farming history. Therefore, it is the work in the late 1990s, by 
Chapman [34] and Barry [35] that is of most value to this project. Both investigated 
the nutrient loadings of local by-products, with a focus on the long term use-effects 
on the environment. Barry also investigated the presence of heavy metals in the 
materials and suggested consideration of these elements in the future. The nutrient 
loadings for mud, ash, and the composite mud/ash identified in each of the studies is 
presented in Table 5. Each is calculated with the assumption of 75% moisture. The 
results from the two studies were relatively similar; both showed the same trend of 
higher nitrogen and phosphorus concentrations for mud and higher potassium 
concentrations for the ash. The studies also showed the composite mud and ash 
samples had nutrient concentrations between those of the individual constituents, as 
would be expected. 
Table 5- Nutrient concentration in mill by-products as presented by Barry et al. [35] and 
Chapman [34] 
Nutrient 
Concentration of 
nutrients in mill mud 
(% dm) 
Concentration of 
nutrients in mill ash 
(% dm) 
Concentration of 
nutrients in composite 
(% dm) 
Barry Chapman Barry Chapman Barry Chapman  
Nitrogen 1.48 1.24 0.15 0.32 0.61 0.96 
Phosphorus 0.91 0.96 0.17 0.40 0.41 0.80 
Potassium 0.38 0.32 0.92 1.14 0.79 0.52 
Calcium 2.34 1.72 0.91 1.40 1.51 1.6 
Magnesium 0.63 0.36 0.68 0.72 0.64 0.44 
Sulphur 0.27 0.15 0.07 - 0.13 - 
 
Further research by Barry et al. [4] described the effects of mud and mud/ash 
composites on soil properties and identifies, for both products, increases in pH, 
exchangeable calcium and magnesium, total and acid extractable phosphorus, 
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organic carbon, and total and exchangeable potassium, as well as decreased 
exchangeable acidity and percent aluminium saturation. These are all positive soil 
responses and promote the use of the by-products as nutrient sources. Kingston [33] 
also described positive effects on the physical structure of the soil, suggesting a 
reduced bulk density and pH; increasing yield and productivity. Khan and Qasim 
[36] investigated the physical and chemical effects of pure ash applications to the soil 
in Pakistan and found greatly improved porosity, increased availability of macro and 
micro-nutrients, and improved dry bulk density, electro-conductivity, and pH. In 
addition, they experienced an increase in yield, attributed to the application. 
Each of these studies, however, suggested there was a risk of over-fertilisation at the 
described application rates, which were typically between 150-250 wet t/ha [34, 35, 
37]. These application rates are also consistent with current practise. Using the 
values provided in Table 5, Qureshi et al. [38] derived a comparison of the actual 
mass of nutrient present per hectare (150 tonnes of material), assuming 75 % 
moisture. These figures are provided in Table 6. These concentrations are 
significantly higher than those shown in Tables 2-4, which represent the requirement 
of each nutrient for the plant and ratoon cycles. In particular, a significant level of 
phosphorus is observed.  
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Table 6- Approximate nutrient amounts in 150 wet tonnes of by-product, assuming 75% 
moisture [38] 
Nutrient 
Mass of nutrients in 
mill mud (kg) 
Mass of nutrients in 
mill ash (kg) 
Mass of nutrients in 
composite (kg) 
Barry Chapman Barry Chapman Barry Chapman  
Nitrogen 555 465 56 80 229 360 
Phosphorus 341 360 64 100 154 300 
Potassium 142 120 345 285 296 195 
Calcium 878 645 341 350 566 600 
Magnesium 236 135 255 165 240 165 
Sulphur 101 57 26 - 49 - 
 
The current application rate is excessive in particular regions due to logistic and 
economic limitations on the distribution of these materials. The high moisture 
contents of mud and ash results in exaggerated delivery costs for a ‘dilute’ nutrient 
source. As a result, the majority of the two million tonnes of mud and one 
million tonnes of ash produced per year is recycled back to farms within a 20 km 
radius of each mill. Essentially, the attitude towards the by-products is to put as 
much onto the field as possible, and ‘top-up’ to some arbitrary value with synthetic 
fertiliser. Stockpiling of mill mud and ash is also practiced when field application is 
restricted due to poor weather. Typically, the materials are stored for up to one year 
and experience decomposition and leaching of phosphorus [39]. These practices 
result in a large nutrient imbalance between the farms that use these by-products and 
those that don’t. Further, the intensive by-product application is causing significant 
over-fertilisation of phosphorus, which is harmful to the local riverine environment 
by encouraging algal growth and degraded water; resulting in fish kills and coral 
death. Qureshi et al. [40], investigated the economic impacts of mud and ash 
transport from the mill with regard to disposal management and use as an alternative 
or supplementary nutrient source. In a Mackay based case study, they identified that 
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by increasing the dispersal area of the product, environmental and economic gains 
could be made. Most notably, they suggested application rates of 12.5 t/ha were 
economically beneficial when compared to synthetic fertilisers at all distances from 
the mill [38].  
Recent investigations into the effects of nutrient run-off into the Great Barrier Reef 
catchment have promoted government bodies to implement new legislation, in an 
attempt to protect the health and future of the Reef. The Great Barrier Reef 
Protection Amendment Act 2009, an amendment to the Environmental Protection 
Act 2004 [2], outlines the need for better monitoring of nutrients applied to the cane 
fields to reduce over-fertilisation, and the potential for run-off into the Great Barrier 
Reef catchment. At present, requirements being implemented in response to this act 
are continually modified and updated to ensure workable practice, increased 
adoption, and functionality for the growers. Mill mud and ash have only been added 
to the legislation guidelines in the previous year and current guidelines indicate that 
applications greater than 100 t/ha require accounting, including strict record keeping 
and an understanding of specific nutrient concentrations in the products [41]. 
Currently, the solution to this is reducing the application rate of the material to 
approximately 50 t/ha by adapting the dispersal mechanism of the supply trucks [42]. 
This is because a thorough understanding of the chemical composition of these 
materials is near impossible due to the logistical and time constraints, high cost, and 
complicated nature of the wet chemistry analyses. 
Three wet chemistry methods are used for the complete elemental nutrient analysis 
of the mud and ash products. Firstly, silicon is analysed by dry ashing and alkali 
fusion prior to ICP-AES measurement. Secondly, total carbon and nitrogen 
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components are analysed using an elemental analysis instrument operating under the 
principle of catalytic tube combustion. And finally, all remaining elemental nutrients 
are quantified by performing wet oxidation by perchloric acid/nitric acid digestion to 
break down the organic structures, concluding with analysis by ICP-AES. Both the 
dry ashing and fusion, and wet oxidation methods are very manual, have relatively 
low throughput, and require skilled operators capable of working in hazardous 
conditions (strong acids, strong bases, and high temperatures). Alternatively, the 
combustion analysis is a user-friendly analysis, although very expensive; with a base 
instrument consumable cost of approximately $6 a sample (not including labour 
components). All of these factors increase the potential turn-around time and cost of 
sample analysis. With the current practice of minimal chemical analysis of mill mud 
and mill ash, manual and costly analyses are acceptable as the demand is low. 
However, changes to the legislation are likely to increase the demand for these 
analyses to a point where, due to time, cost, and physical constraints, analysis by 
wet-chemistry will be unable to satisfy industry requirements. Therefore, the 
development of rapid analytical techniques that can supply quality data at a higher 
throughput and reduced cost is imperative. This project has focussed on NIR 
spectroscopy as a rapid, on-site method for the analysis of mill mud and ash. 
The advent of NIR spectroscopy as an analytical technique capable of providing data 
for agricultural samples was a result of research on the moisture and protein content 
of grains and seeds [43]. These methods were developed from the research of Kaye 
[44] and his identification of various band assignments relating to the hydrogenic 
stretching vibrations of chloroform, methylene chloride, bromoform, and methylene 
bromide, from which, generalised conclusions of overtone and combination bands 
could be made. The initial research in the field, such as that of Hart [43], used 
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solvent extracts to obtain transmission data over a small wavelength range. The 
percent moisture content of seeds were determined by comparing the absorbance 
reading at a single wavelength to a calibration plot made of water/methanol mixtures 
at known concentrations. This univariate data was then regressed using the least 
squares method against moisture data obtained via the Karl Fischer wet chemistry 
method. The spectrophotometric regression standard deviation of ±0.24 % compared 
favourably with the standard deviation of the calibration of ±0.05 %. This suggested 
NIR spectroscopy was capable of determining the percentage moisture content of 
seeds, and it was likely to be successful for moisture determinations in the extracts of 
other components as well. 
This technique was rapidly superseded by NIR reflectance spectroscopy of whole 
samples [45, 46]. Instruments were installed with fixed filters, which allowed 
prediction of only very specific components. The wavelength of each filter was 
chosen based on its presence in the published literature identifying it as a region of 
interest from the absorbance curve of a pure spectral compound [46]. Agricultural 
samples are highly varied and are composed of many products and nutrients present 
in various forms, particularly when indirectly measuring inorganic cations. This 
ultimately causes shifting of absorbance bands in a manner that is specific to 
individual compounds, let alone a whole plant or seed type [47]. In order to account 
for this, spectroscopists were faced with two options; selection of wavelengths based 
on published values, making the assumption that there is enough similarity between 
the samples to allow prediction; or, wait for the advent of instrumentation with more 
versatile, multiple wavelength capabilities. It wasn’t long before technological 
advances in the field resulted in the ability to simultaneously collect data at multiple 
wavelengths. With this came the need for multivariate statistical analysis for 
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adequate wavelength selection and regression techniques for calibration 
development. The ability of a calibration to successfully predict the concentration of 
an unknown component, within an acceptable error margin, relies heavily on the 
spectral changes occurring at the wavelengths of interest, as well as adequate 
selection of the calibration data set, which will be discussed later. There is little point 
including two neighbouring and highly correlated wavelengths in a calibration, at the 
expense of a negatively correlated wavelength, which may indicate an interfering 
species in a mixture. This difficulty was overcome with the development of various 
chemometric techniques, implemented and improved upon over time. 
In 1976, Norris [48] collected spectra of forage samples using a computerised 
spectrophotometer with monochromator, with the aim of developing calibrations for 
nutrient factors. Data was collected within a wavelength range of 1400-2400 nm and 
was recorded as log 1/R, so comparison with absorption could be made. The 2000-
point spectral region was smoothed by averaging the adjacent wavelengths to reduce 
the dataset to 500-points. The optimum wavelengths for the calibration were 
determined by stepwise multiple linear regression (MLR), a multivariate data 
analysis technique. Multiple linear regression is an inverse least squares technique 
and can be represented by the equation: 
ݔ ൌ ܽ ൅෍ܾ௜ݕ௜ ൅ ߝ௜ 
Where, x is the concentration of the analyte, yi is the measured response at i 
specific wavelengths (absorbance), a and b are regression coefficients 
associated with each variate, and ε is the residual. 
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MLR is a full spectrum technique, which means i can represent several hundred 
wavelengths. However, only a select few of the wavelengths contribute significantly 
to the calibration equation and the inclusion of additional wavelength data causes an 
increase in noise and a consequent reduction of prediction capability. There are 
several methods available for the selection of wavelengths for regression equations, 
including: visual analysis of the spectrum by the user; in combination with prior 
knowledge of the sample, as well as statistical techniques such as forward selection 
procedure, backwards selection procedure and the most common in NIR spectral 
analysis, stepwise method, as was used by Norris [48]. The stepwise procedure is 
much like forward selection in that the user starts with an empty regression equation 
and in an iterative procedure, tests each wavelength in the regression equation, 
including it as an ideal wavelength only if it reduces the standard error of prediction. 
Norris [48] also experimented with derivative pre-treatments and determined that 
second derivative treatment of protein data was highly linear with the Kjeldahl wet 
chemistry method. Plots of the predicted results from the regression against the wet 
chemistry results showed a highly linear correlation for all forage types. 
Although Shenk’s research endorsed Norris’ pre-treatment methods [49], he found 
the prediction effort lacking as only the spectral region previously identified for grain 
and soybeans was used [47]. He proposed a new modified stepwise regression 
technique, which starts with the selection of a ‘best pair’ as the first two variables in 
the regression, as they are the most integral. After several publications demonstrating 
the effectiveness of this technique, which reduced standard errors of prediction up to 
15% [47, 50], it was adopted as a standard technique [51]. Shenk also introduced the 
use of the ‘H’ statistic of Hoaglin and Welsch [52] in the programming of his 
spectro-computer [51]. A projection known as the hat-matrix contains information 
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pertaining to the leverage that data y values have over the fitted y values, which, in 
combination with studentised residuals, can identify exceptional data and its 
dissimilarity. Clark et al. [53, 54] were one of the last groups to publish solely on 
MLR regression techniques. They continued the work of Shenk, using NIR 
techniques for inorganic mineral nutrient determination in forages and proposed that 
it can indirectly measure these NIR inactive regions due to their presence as organic 
acid salts. Due to this indirect measurement, it is suggested the coefficient of 
variation (CV), represented by, 
ܥܸ ൌ ൬ ܵܧܲ݉݁ܽ݊	݋݂	݄݈ܿ݁݉݅ܿܽ	݀ܽݐܽ ൈ 100൰ 
where, 
ܵܧܲ ൌ ቊ∑ሾሺܺ െ ݔሻ
ଶሿ
݊ ቋ
଴.ହ
െ ൬ܾ݅ܽݏ݊ ൰ 
and,  
ܾ݅ܽݏ ൌ തܺ െ ̅ݔ 
and where, X represents the NIR predicted chemical values, x are the analytical 
chemistry values, and n represents the number of samples. 
be used as an estimate of equation performance as R2 and r2 values are governed 
more by the range of data (variability) than a direct correlation between 
concentration change and absorbance. They used these values to identify the 
effectiveness of predicting calcium, phosphorus, potassium, magnesium, aluminium, 
and sulphur concentrations with MLR and derivative pre-treatments. 
In 1982, Hruschka and Norris [55] proposed the least squares curve fitting of NIR 
spectra as a modification to the basic curve fitting performed by Blackburn [56]. In 
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basic curve fitting, the spectra of known components are fitted into the product 
spectra. These univariate curve fits could then be regressed linearly against the 
independent chemical data and predictions could be made. Hruschka and Norris’ 
modification indicated spectra of known pure components were not necessary to 
perform a curve fit. Instead, the sample spectra could be used as component spectra 
and were defined as linear combinations of all present pure compounds. Not only 
does this method remove the arduous task of attempting to find pure components 
similar to those found in agricultural products, it also removes the errors of the basic 
fitting technique caused by component purity, correctness (e.g. the presence of more 
than one type of protein) and interaction (e.g. various interactions of moisture in 
wheat are different to the spectrum of pure water). Prediction is performed by fitting 
the unknown spectrum with the component curves to obtain curve fit coefficients, 
which can be combined with the regression coefficients. 
MLR was a relatively capable technique for calibration development of fixed filter 
instruments, which measure only a small selection of wavelengths. However, the 
advent of monochromator instruments, which measure hundreds of wavelengths at a 
time, required a more effective technique, as it would be impractical to test all 
available combinations for MLR. Also, MLR doesn’t cater for the extremely 
collinear nature of NIR spectra. The focus of future techniques generally involved 
data compression methods and artificial neural networks; however, MLR continued 
to be a significant presence in the NIR spectroscopy literature until 1992.  
Martens [57, 58] introduced the concept of principal component analysis (PCA) and 
consequently, principal component regression (PCR) to NIR spectroscopy when he 
applied Mandel’s [59] answer to colinearity- singular value decomposition and 
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principal component regression, to various agricultural products. However, the 
validity of the method and the relationship between the principal components and 
analytical values was outlined by Cowe and McNicol [60]. Principal component 
analysis is an exploratory pattern recognition technique that reduces a dataset by 
creating a linear combination of variables. Essentially, PCA transforms the existing 
variables into a new, uncorrelated set of orthogonal variables, which explain the 
variance in the data. These new variables are known as principal components. There 
are as many principal components as there were original variables and they are 
ranked according to the amount of variance they contain. Generally, the first few 
components contain the majority of the variance in the data set and the rest can be 
rejected as noise or instrumental effects. The generation of principal components can 
be explained graphically and mathematically as follows [61]: 
ܺ ൌ ൦
ݔଵଵ ݔଵଶ ⋯ ݔଵ௣ݔଶଵ ݔଶଶ ⋯ ݔଶ௣
⋮ ⋮ ⋱ ⋮
ݔ௞ଵ ݔ௞ଶ ⋯ ݔ௞௣
൪ ൌ ൣ ଵܺ, ܺଶ, … , ܺ௣൧ 
where the rows represent the n-objects and the columns represent the p-
variables. Each variable Xi (i= 1, 2,…, p) consists of a vector of measurements 
on the xij (j= 1, 2, …, n) objects. 
The derivation of the principal components can be defined as finding a new set of 
uncorrelated variables, V1, V2, V3,…, Vp, from an original p-dimensional matrix X = 
[X1, X2, X3,…, Xp], such that the variance decreases from V1 to Vp. 
Each Vj is further defined as a linear combination of the original variables: 
௝ܸ ൌ ܽଵ௝ ଵܺ ൅ ܽଶ௝ܺଶ ൅ ⋯൅ ܽ௣௝ܺ௣ 
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where,   
a୨ ൌ ൦
aଵ୨aଶ୨
⋮
a୬୨
൪ 
and normalised so that, 
௝ܸ ൌ ௝ܽࢄ 
 
 
Figure 2- PCA- Optimising the axial rotation of the principal components (ν1 and ν2) to account for 
the maximum variance 
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Figure 3- PCA- Optimising the spread of the data about the principal component by subtracting the 
means of each data point and rotating them so that projection onto ν1 is maximised 
With the aid of a skree plot (plot of eigenvalues), cross-validation or PRESS, the 
minimum number of principal components can be selected to have their scores 
regressed against the analytical values- the principal component regression. When 
performing a PCA, a loadings plot can be constructed showing the relationship 
between variables. This can be represented as a chart, which directly illustrates 
which regions of the spectra are responsible for the greatest amount of variance. A 
scores plot can also be constructed which shows the relationship between the objects. 
As outlined in the research of Cowe and McNicol [60], for agricultural samples, the 
first principal component often reflects the variance caused by overall energy 
changes due to effects such as particle size. Analysis of the loadings plot for each 
principal component showed the variation in correlation for moisture and protein. 
The regression component of PCR is very similar to that of MLR described 
previously. The PCR model is represented by: 
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ݔ ൌ ܽ ൅෍ܾ௜ݏ௜ ൅ ߝ௜ 
where x is the concentration of the analyte, si is the score for i selected principal 
components, a and b are regression coefficients associated with each variate, 
and ε is the residual. 
Comparisons of MLR and PCR [60, 62-64] indicated that PCR was a more effective 
and stable technique for the prediction of unknowns, demonstrated by the closeness 
of the standard error of calibration and standard error of prediction values. The ease 
of interpretation for PCR also outweighs MLR techniques, for which there is no 
visual representation of why particular wavelengths are better predictors. 
In an effort to introduce a one-step technique where data compression and the 
regression of chemical data occurs in one stage, as opposed to the separate 
compression and regression stages of PCR, Martens and Jensen applied Wold’s 
partial least squares regression (PLS) [65-67] to NIR spectra [68]. PLS differs from 
PCR by including the concentration variable (as determined by wet chemistry 
methods) in both the data compression and regression steps. This results in factors 
being decided on variance of concentration as opposed to principal components, 
which are often largely influenced by physical properties, such as particle size, as 
demonstrated previously. This often means fewer factors are required for the 
regression also, as the maximum variance relating to concentration is present in the 
first few factors. There are several algorithms available which compute this 
information, and the mathematics is illustrated extensively elsewhere [69-71]. 
Therefore, only generic equations are provided [72]. Martens and Jensen [68] 
compared the new regression technique with the traditional MLR, using cross-
validation to prevent over-fitting. 
  Chapter Two 
 
32 Queensland University of Technology Science and Engineering Faculty 
 
ܻ ൌ ܺܤ ൅ ߝ 
where, Y is an n×m matrix of dependent variables, X is the n×p matrix of 
independent variables, B is the p×m matrix of regression parameters, and ε is the 
matrix of residuals. 
X ൌ TP୘ ൅ E 
Y ൌ UQ୘ ൅ F 
where, T and U are the n×d scores matrices, P is the p×d loadings of the X 
matrix, E is the residual matrix of the X matrix, Q is the m×d loading matrix of 
the Y matrix, and F is the residual matrix for the Y matrix. 
and, 
B ൌ WሺP୘WሻିଵQ୘ 
where, W is the d×p matrix of PLS weights. 
All of the previously mentioned methods are linear calibration techniques. They are 
applied to NIR data under the assumption that it adheres to Beer’s law. However, 
there are many sources of possible non-linearity in NIR spectra. They include [73]: 
1. Violations to the Beer-Lambert law due to wrong assumptions on the 
sample absorbance, light quality and sample homogeneity, 
2. Non-linearity of photoconductive detectors, 
3. Stray light effects due to the NIR instrument optics, 
4. Non-linearity in diffuse reflectance/transmittance NIR spectroscopy, 
5. Chemically based non-linearities, due to changes in molecular 
interactions as a function of concentration, matrix composition or 
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measurement conditions (causing shifts and changes in the position, 
width and intensity of absorption bands), and 
6. Non-linearity in the property/concentration relationship where the 
relation between the NIR spectra and the concentration of chemical 
constituents is linear, but the relation with the property of interest is non-
linear. 
Centner et al. [74] encouraged the use of quantitative statistical techniques analysis 
of variance for lack of fit (ANOVA for LOF), the Durbin-Watson test, the runs test, 
PRP, cumulative sum (CUSUM(e)), and augmented partial residual plot (APaRP) for 
the detection of non-linearity. They concluded APaRP, in conjunction with either the 
Durbin-Watson or runs test, is a reasonable method for detecting non-linearity; 
however, ultimately it comes down to a visual assessment of the data by the user. 
Linear methods such as PCR and PLS are capable of processing data with a small 
deviation from linearity, however, a greater number of principal components or 
factors are required. Often this is acceptable as Beer’s Law holds quite well for 
spectroscopy and significant non-linearity is only present in highly absorbing or 
scattering samples. 
Heterogeneous samples, with respect to particle size, scatter light in such a way, 
there is a distribution of path length, which has both additive and multiplicative 
effects. These effects vary from sample to sample and are a significant problem in 
the context of multivariate regression as they often result in an absorbance shift and 
disturb the linearity of the data, and its relationship to Beer’s Law. Several methods 
are available which attempt to reduce or remove the effects of non-linearities in 
spectra. The most commonly used tool for linearising data is the derivative technique 
[75], which removes the additive component of the shift by determining variables 
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from the changes in adjacent points in the spectra. Second derivative techniques can 
also be used to remove slope changes. Fourier transform and wavelet analysis are 
also used to remove non-constant, varying background in NIR spectra [76]. Isaksson 
and Naes [77] discussed the benefits of multiplicative scatter correction (MSC) in the 
removal of both multiplicative and additive effects of scattering. They reported that 
the use of MSC as a pre-treatment for PCR reduced the number of PCs required and 
provided much improved prediction statistics. Barnes and colleagues discussed the 
benefits of standard normal variate (SNV) processing with de-trending as a method 
for the removal of the multiplicative effects, curvilinearity and baseline shift [78]. 
The same authors also described the interconvertible nature of the two treatments, 
MSC and SNV. They proved the two processes were linearly related, debunking the 
earlier belief that the methods resulted in different outcomes [79]. As a result, there 
is no ‘better’ method; however MSC requires recalculation of all quantities if any 
changes are made to the dataset due to the use of a mean value in the algorithm. A 
novel technique has been proposed to correct spectral non-linearities by adapting 
time-of-flight spectroscopy to estimate a path length distribution within a sample 
[80].  This technique is termed PDC-path length distribution correction. This method 
can easily be combined with PCR or PLS to provide a calibration that has a 
significant improvement in prediction error. 
There are three common calibration methods that have been applied to NIR spectra 
in the hope of reducing the effects of non-linearity. Modified partial least squares 
(MPLS) and locally weighted regression (LWR) are technically global and local 
linear methods, respectively, that have been modified to more effectively cope with 
some non-linearity. Artificial neural networks (ANN), however, are a designated 
non-linear method. 
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Modified partial least squares is a regression technique proposed by Shenk [81, 82] 
and Dardenne [83]. Modified partial least squares regression is very similar to PLS, 
however, after the calculation of each factor, the residuals are standardised before 
calculating the next factor. This technique has been used for mineral concentration 
determination in various agricultural products [84-86]. 
Locally weighted regression [87] was modified for spectral prediction by Naes and 
Isaksson [88]. It is a principal component method, generally combined with MSC. 
Locally weighted regression uses a small subset of samples similar to the unknown 
and expressed in the same PC scores. A linear PCR is then performed on the sample 
subset and weights are assigned to each calibration sample depending on the distance 
to the unknown. The subset is chosen on the basis of the smallest Mahalanobis 
distance (H). Fearn and Davies [89] defined this technique as a local version of PCR. 
It is effective in modelling non-linear data, particularly if clustering is present [90], 
however, colinearity of the data may affect the stability of predictions [91]. 
Long, Gregorion and Gemperline are recognised for the application of artificial 
neural networks (ANN) to spectroscopic data [92]. Artificial neural networks are 
‘trainable’ networks capable of learning and are based on the neural networks of 
biological organisms. A functional neural network provides a complete solution to 
pattern recognition and is capable of performing feature extraction, selection, and 
classification. It is for this reason there is significant interest in the use of this method 
for the often complex interpretation and calibration of NIR spectral data. Neural 
networks are made up of linked layers of perceptrons, which are themselves 
composed of the basic processing unit (neuron), which receives multiple inputs 
(dendrite) and creates a single output (axon). The neuron computes a weighted sum 
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of the inputs, which is determined by learning. The transfer of data, compressing it 
from multiple inputs to a single output can be done with either a step function or with 
a continuous function, such as a sigmoid [93]. Networks of essentially any size can 
be made by linking neurons into layers with the output of one neuron forming the 
input for another. These layers are classed as input layers, hidden layers and output 
layers and it is the optimisation of these layers, determining both the number of 
nodes and layers, which most influences the flexibility and ability of the model. The 
flow of data can vary in a model and the networks are described as either feed-
forward, in which information flows only from import neurons to output neurons or, 
recurrent networks, in which information can flow in any direction. The input data 
for NIR spectroscopy refers to the absorbance spectra, which can be expressed with 
any of the usual methods (derivative pre-treatment, scatter correction or as principal 
components or factors). 
Artificial neural networks require a satisfactory number of samples in the training 
set, which is the data used to teach the network the weights between neurons. The 
application of this training set determines whether the method is classed as either 
supervised or unsupervised. Artificial neural networks have a tendency to over-fit 
training data; however, the use of a monitoring set and using the minimum number of 
nodes can reduce this problem [90]. Despagne found neural networks to reliably 
perform better than LWR and PLS for a rugged non-linear calibration; however, the 
correct type and quantity of training was required. Long et al. reported that although 
training was lengthy and tedious, it was a good method for non-linear data. However, 
for strictly linear data, a PCR or PLS calibration would be more effective [92]. This 
was supported by Hageman who proposed that ANNs were only worthwhile for very 
non-linear data which was not suitable for analysis by other techniques [94]. By 
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including a combination of linear and sigmoid functions in the hidden layer at 
various ratios, Gemperline [51] attempted to improve the ability of ANNs. This 
technique allowed both linear and non-linear relationships to be accommodated by 
the network.  Whilst there is no definitive right or wrong technique for any 
calibration, there is a significant opinion in the literature that ANNs are only 
recommended for highly non-linear data. This situation is relatively uncommon in 
general NIR spectroscopy applications, and PLS is typically an effective approach. 
Whilst selection of the most adequate calibration technique is of significant 
importance, no technique will perform well for data prediction if inappropriate 
samples are used for calibration. There are several schools of thought on the best 
sample selection technique. Originally, a percentage of the available samples were 
picked at random [53-55]. Another method used prior knowledge of the sample type 
to make an educated assumption of the best samples. Statistical methods are also 
available; the most common are cluster analysis and the CENTER and SELECT 
algorithms. Non-statistical techniques are not generally the most effective or time 
efficient methods of sample selection; further, there is a high probability that the 
samples selected do not represent the overall population appropriately. Poor 
prediction ability is often a result of poor spanning of the independent variable range, 
uneven spread of the data or poor representation of all independent variables.  
Naes [95] proposed a technique to improve selection based on cluster analysis, as 
applied by Zemroch [96]. They proposed an effective method of obtaining an even 
spread of data was to separate the data into clusters, which essentially grouped 
similar data. The technique then involved the selection of one point from each cluster 
to include in the calibration. Complete linkage was identified as the best cluster 
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method due to its propensity to form tight globular clusters and either Mahalanobis 
or Euclidean distance metrics could be used to select points. The results from this 
technique were promising and encouraged further investigation. Abrams [97] used 
K-means clustering in a comparison study with random selection. Cubic clustering 
criterion was used to select the number of clusters, and the clusters were based on 
Euclidean distances. The clusters of the hay samples were formed on the basis of 
drying method and sample type (e.g. legume or grass). No separation was observed 
on the basis of plant species. Overall, cluster analysis provided better prediction error 
for most test sets, particularly when 100 or more samples were included. Isaksson 
and Naes built on the clustering method proposed by Naes [98]. They compared this 
technique using various numbers of principal components with the HHMH algorithm 
[99] (labelled as such with reference to the authors), which focused on utilising the 
greatest degree of spectral variation possible. They concluded a very small numbers 
of calibration samples (20) were required for optimum calibration, as long as only 
four principal components were used. This outlines that the number of samples used 
for calibration is less important than the method of selection. Cluster analysis (CA) 
was a more effective selection technique than HHMH, although both performed well. 
The HHMH method had a tendency to focus the calibration set on the protein region 
of the spectra and a bias was introduced, whereas CA managed to span the data more 
appropriately, resulting in better predictions. 
Shenk and Westerhaus proposed two new techniques altogether [100, 101], 
CENTER and SELECT. Both algorithms were designed to use the standardised 
Mahalanobis distance from the mean to establish the boundaries of a population of 
samples and select a small structured set of samples for calibration, using the 
standardised H-distance between pairs. CENTER worked by ranking the sample 
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loadings according to the Mahalanobis distance from the mean. The spectra were 
subsequently ordered by the standardised H-distance from the mean. All samples 
where H>3.0 were eliminated, and every seventh sample was removed for validation. 
The data was then reduced using the SELECT method, which used a distance matrix 
formed from the Mahalanobis distance between all pairs of spectra, which have 
undergone a derivative pre-treatment and PCA. If the distance between a pair of 
samples was below a specified minimum, one of the samples was removed. Cross-
validation was also performed and further samples were removed if t>2.5. These 
procedures were tested for both MLR and MPLS regression of forage, hay, and grain 
and in all situations represented a good method for data selection producing 
calibrations with good prediction errors. 
Although there have been significant developments in the knowledge and application 
of NIR spectroscopy as an analytical technique in the agricultural industry, there is a 
dearth of literature relating to its application in sugarcane, particularly with regard to 
nutrient analysis. Of the material available, most focussed on the measurement of 
physio-chemical properties such as brix, pol, colour, ash, reducing sugars, and 
moisture in raw sugar [102-104]), molasses [104, 105], juice [106, 107], and 
shredded cane [108] using laboratory-based and on-line techniques [103, 104, 109-
111]. There have also been some applications for the lignocellulosic and 
hydroxycinnamic acid composition of sugarcane fibre for its biomass potential [112], 
as well as work on the use of NIR calibrations to predict sugarcane pest resistance 
and clonal performance [113-119]. However, the use of NIR spectroscopy for 
elemental nutrient quantification is restricted to the work of Meyer [120], Chen [85], 
and Larrahondo [121].  
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Early work by Meyer [122, 123] investigated the prediction of nitrogen and silicon 
levels in sugarcane leaves, due to its relationship to the plants resistivity to borers 
and mosaic disease. This work utilised MLR over three wavelengths and obtained 
acceptable calibrations with R2 values greater than 0.89 for both calibrations, 
although the datasets were very small (27 samples for silicon and 98 for nitrogen). 
This publication also described the application of NIR methods to other sugarcane 
by-products, as described previously. Larrahondo et al. [121] also investigated 
elemental nutrient levels in leaf tissue, as well as the pol, brix, fibre, and moisture in 
shredded cane. They obtained R2 values greater than 0.77 for calcium and 
magnesium, and greater than 0.88 for nitrogen, potassium, and phosphorus 
calibrations. Unfortunately, their R2 values dropped significantly upon validation, 
suggesting some over-fitting may have occurred. Whilst the majority of NIR papers 
provide a broad application of the technique for many nutrients, Chen et al. [85] 
focussed only on phosphorus predictions in dried and ground sugarcane leaf, and its 
predictive outcomes in a variety of local and global calibrations. Both whole-
spectrum and reduced spectrum MPLS calibrations were developed on data 
processed using various techniques, including derivatives, SNV, and de-trending. 
They determined that the removal of unnecessary wavelengths by the Martens 
Uncertainty regression optimised their calibration performance, producing errors 
similar to that of the wet-chemistry analyses, and successfully predicted the level of 
phosphorus in sugarcane leaves. Excluding those of the author [124, 125], no 
literature is available on the use of NIR methods to detect nutrient levels in mill mud 
and mill ash. Fortunately, extensive research exists on mineral element, carbon and 
nitrogen detection by NIR methods in other industries, which can be related back to 
the topic at hand. 
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Three materials will be investigated due to their chemical and/or physical similarities 
to the mill mud and mill ash products being investigated. They are plants, soils, and 
faeces, and each is the subject of many comprehensive NIR investigations relating to 
carbon, nitrogen, phosphorus, potassium, and silicon, among others. 
The opportunity for NIR analysis of plant materials is varied and immense and has 
been covered extensively in the literature. One particular application of interest is the 
prediction of mineral elements in a variety of plant materials. There is opportunity 
for calibration methods based on plant materials to be adapted to mill by-products, 
particularly mill mud, because of the high organic content and similarities to plant 
material with regards to organic complexes. Preliminary work on inorganic analysis 
of plant materials was conducted by Shenk et al. [47], who found that calcium was 
readily predicted with MLR, whilst phosphorus, potassium and boron demonstrated 
some predictive ability. Unfortunately, magnesium, aluminium, iron, manganese, 
sodium, copper, and zinc did not produce adequate equations. Further work by the 
same authors supported these results [51]. These outcomes were investigated further, 
with Clark et al. [53] attempting to predict sodium, potassium, calcium, phosphorus, 
magnesium, iron, manganese, copper, and zinc concentrations in alfalfa, tall fescue, 
and crested wheatgrass, using MLR. However, their work supported that of Shenk 
et al., with acceptable calibrations only possible for calcium, magnesium, potassium, 
and phosphorus. Attempts to produce calibrations for trace elements on the same 
samples provided no better outcome [54]. More recent analyses have focussed on the 
use of PLS and MPLS to build calibrations for nutrient analysis in plant materials. 
All have obtained varied results, although a common theme suggests current 
technology facilitates qualitative NIR screening methods as opposed to analytical 
quantification.  
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Halgerson et al. [84] used NIR techniques to predict the mineral concentrations of 
alfalfa. Accurate predictions were possible for calcium, potassium, and phosphorus. 
Less consistent results were obtained for magnesium, sulphur, aluminium, boron, 
iron, manganese, and silicon. Moron and Cozzolino [126] developed calibrations for 
calcium, nitrogen, and phosphorus content in alfalfa and white clover (R2 greater than 
0.83 for all calibrations), but found magnesium and sulphur calibrations didn’t 
perform well. Later research by the same authors determined acceptable calibrations 
were possible for sodium, sulphur, copper manganese, zinc, and boron 
concentrations in white clover and lucerne, however the calibrations were not 
accurate enough for analytical measurement [127]. Ward et al. [128] obtained 
moderate calibrations for nitrogen and potassium content in meadow grasses, 
however, phosphorus calibrations did not predict well. Alternatively, the calibrations 
built recently on red grape homogenates [129] showed that concentration predictions 
were possible for calcium and sulphur, however, potassium, magnesium, phosphorus, 
iron, and manganese calibrations produced poor statistics; which were most likely 
due to the small dataset (n=89). Further, recent analyses by Villatoro-Pulido [130] 
showed relatively promising results for the prediction of minerals in rocket. Iron, 
magnesium, zinc, sodium, and potassium calibrations behaved well, whilst copper 
and manganese calibrations showed poor statistics, which was likely due to a reduced 
dataset. Hallet and Hornbeck [131] reported success in obtaining calibrations for 
aluminium, calcium, potassium, manganese, and magnesium content in white pine 
and red oak foliage.  
Carbon is rarely of focus in NIR investigations; however Gillon, Houssard, and 
Joffre [132] used NIR to successfully predict the carbon, nitrogen and phosphorus 
content in pine needles during various life events. All calibrations produced R2 
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values greater than 0.94 except for one carbon calibration, which produced an R2 
value of 0.86. Bruun et al. [133] also used NIR methods for predictions of the 
mineralisation of carbon and nitrogen in plant litter. They found NIR methods to 
predict marginally better than traditional techniques, stepwise chemical digestion and 
carbon/nitrogen ratios. For each of the previously mentioned studies, the samples 
were dried and ground prior to analysis to create homogenous samples with uniform 
particle sizes. Although an acceptable technique, this process is often labour and time 
intensive and does not take full advantage of the potential throughput benefits of the 
NIR technique.  
Huang et al. [134] studied the mineral content in straw and compared freshly cut 
samples with their prepared counterparts. As would be expected, the prepared 
samples produced superior results for the determination of potassium, sodium, 
calcium, magnesium, and iron content values (R2 ranging from 0.63-0.85), however, 
calibrations on the raw product were good for magnesium (R2=0.79) and were 
feasible for potassium (R2=0.69) and calcium (R2=0.73), but required further work. 
Discrimination between high and low concentration samples was possible for sodium 
and iron constituents. Gonzalez-Martin et al. [135] also determined nutrient levels in 
only partially processed samples. Direct measurement of plant-based feed pellets of 
various shapes, sizes and composition produced acceptable calibrations for 
concentrations of zinc, copper, iron, and manganese and satisfactory calibrations for 
sodium and phosphorus. Calcium and potassium calibrations did not produce 
acceptable results. Calibrations for all elements produced R2 values greater than 0.81, 
except for zinc, which was 0.76. The SECV values for some of the calibrations were 
high in comparison to the SEC values, suggesting that over-fitting may be present, 
however small calibration sets were used, with the maximum number of samples 
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being 40, so expansion of the dataset may solve this problem. Overall, varied results 
have been obtained for the measurement of elemental nutrients in plant materials; 
however calibrations appear to be feasible for all nutrients of interest for this project. 
Soils are composed of high levels of inorganic materials, often with limited organic 
matter left by decomposed plant material. This matrix is very similar to that of mill 
ash, which contains burnt inorganic material together with fresh bacacillo. NIR 
methods are often overlooked as a spectroscopic technique for soil analysis, 
superseded by mid-infrared, visible spectroscopy or a combination thereof [136, 
137]. However, NIR methods have been proved useful for the detection of carbon, 
nitrogen and inorganic fractions in soils. Ehsani et al. [138] found that the mineral-N 
content in soil could be readily predicted using PLS and PCR on site specific 
methods, which was supported by Fystro [139], who was able to predict potentially 
mineralisable nitrogen content in soil using NIR techniques. Cozzolino and Moron 
[140] were able to determine the organic carbon fractions in various soil fractions, 
but determined that calibrations for the carbon/nitrogen ratio were not successful. He 
et al. [141] used PLS to determine nitrogen and organic matter could be successfully 
predicted by NIR calibrations (R2 = 0.93), however potassium and phosphorus levels 
were poorly predicted with calibrations accounting for 0.68 and 0.47 % of the 
variation, respectively. Alternatively, Udelhoven et al. [142] determined that reliable 
estimates were possible for concentrations of calcium, magnesium, iron, manganese, 
and potassium, but not for carbon and nitrogen. However, there was a suggestion the 
carbon and nitrogen values were likely to improve if tested in geologically 
homogenous areas. These results were supported by Malley et al. [143], who 
obtained excellent results for the prediction of phosphorus, calcium, magnesium, 
potassium, iron and manganese levels in field moist soils (R2 values greater than 
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0.9). Sulphur and sodium calibrations were slightly less successful, obtaining R2 
values of 0.8. Similarly to the plant-based calibrations, the calibrations built to 
determine mineral, carbon and nitrogen levels in soils showed varied outcomes. 
The final material of interest, animal manure, bears a reasonable physical comparison 
with mill mud. Manure typically has a high moisture content, is dark in colour, and is 
very heterogeneous. Further, manure contains inorganic minerals as well as carbon 
and nitrogen containing compounds. Reeves III and Van Kessel [144] successfully 
developed calibrations for total carbon, total nitrogen, and nitrate-N levels in dairy 
manures, each obtaining R2 values greater than 0.94. Alternatively, potassium and 
phosphorus calibrations weren’t successful. This was supported by the work of 
Reeves III on poultry manures, who was able to develop calibrations for total 
nitrogen, ammonium-N, and organic nitrogen, but not for mineral elements [145]. 
Huang et al. [146] were able to develop acceptable calibrations for total organic 
carbon, total nitrogen, and volatile solids in composting manure, but total phosphorus 
calibrations did not perform well. Alternatively, Millmier et al. [147] used PLS to 
develop calibrations for total solids, total Kjeldahl nitrogen, nitrate-N, and potassium 
concentrations in swine and beef manure. They concluded, however, that total 
phosphorus calibrations required more work before they could be successfully 
developed. A comprehensive report by Malley and Vandenbyllardt [148] detailed the 
analysis of hog manure for a variety of nitrogen compounds, as well as an exhaustive 
list of inorganic minerals using MLR. Calibrations were possible for all nitrogen 
containing compounds and many elements, including suspended phosphorus, and 
total phosphorus, but not for potassium. A unique feature of the manure analyses 
mentioned was that they were all tested as raw or ‘as-received’ samples. As the most 
beneficial sample presentation of the mill mud and ash samples is as the raw product, 
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the success of these calibrations on the raw product indicates similar outcomes could 
be possible for the sugar mill by-products.  
Ultimately, NIR methods have successfully predicted the carbon, nitrogen, 
potassium, phosphorus, and silicon concentrations in a variety of mediums and 
matrices. Partial least squares regression was the most commonly used regression 
technique, and is often considered superior to other linear methods for analysis of 
real-world samples [149, 150]. 
Being waste products, mill mud and mill ash materials are very moist, heterogeneous 
products that are very dark in colour, i.e. highly absorbent. This makes them a 
challenging product for the development of a successful NIR spectroscopic method. 
However, with the plethora of available spectral corrections and chemometric 
techniques, it is likely calibrations can be developed. It is suggested NIR data is 
subjected to a derivative transformation with SNV or MSC corrections in order to 
reduce scatter effects and baseline drift, and improve linearity as the high absorbance 
of the material means the instrument is most likely working in a non-linear region of 
absorbance. It is probable that PLS, with pre-treatment, will adequately cater to the 
non-linear requirements of the samples; however, if calibrations are unsuccessful, the 
use of ANNs may be investigated. Ideally, the calibration samples should be selected 
with either the CENTER or SELECT algorithm so a representable sample set is 
obtained.  
The development of robust calibrations, capable of being applied in an at-line or on-
line situation at a sugar mill would be of benefit to the farmers and millers. This 
technique would reduce the need for constant wet chemistry analysis of by-products, 
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which is a very expensive and time-consuming process. Further, this technology 
would benefit the environment by providing accurate and efficient monitoring of the 
nutrient value of the products returned to the cane field; helping to reduce run-off 
and over-fertilising effects, which should help to comply with recent legislation 
changes aimed at maintaining the health of the Great Barrier Reef for future 
generations.  
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3.0 CHAPTER THREE 
SAMPLE COLLECTION AND EXPERIMENTAL PROCEDURES 
Two different by-products collected from three locations in Northern Queensland are 
investigated in this study. The following chapter will describe each sample type, 
origin, and collection method. Secondly, the analytical, spectroscopic and 
microscopic methods used to characterise and investigate these samples will be 
described in detail. 
3.1 Sample collection 
The by-product samples used in this study were provided by BSES, who organised 
their collection from three Mackay sugar mills during the 2009 crushing season. The 
mills were Racecourse, Farleigh and Marian (Figure 1). A total of 58 samples were 
provided comprising of 36 mud samples and 22 ash samples. All samples were either 
daily or weekly amalgamated samples (Table 7). 
If the sample was not frozen immediately after collection by the mill, they were 
frozen on arrival in the laboratory, as the by-products contain varying amounts of 
moisture. The freezing process maintains the sample integrity by preventing 
decomposition and fermentation of the organic matter. 
The mill muds were thick, sticky solids that varied in colour from red-brown to 
black. All contained various visible particulate matter including bagacillo and soil. 
Alternatively, the ash samples were looser (lower moisture) and black in colour. 
However, discreet white particles were visible in some ash samples as well as 
bagacillo and other fibrous material. 
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Figure 4- Map of the Australian Sugar Industry showing mills by region. Inset shows the Mackay milling 
region and the three mills participating in this study, Marian, Farleigh, and Racecourse 
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Table 7- Information for mud and ash samples 
Sample Type of material/collection Mill Collection date(s) 
2408 Daily ash Farleigh Mill 09/09/2009 
2409 Daily ash Farleigh Mill 11/09/2009 
2410 Daily ash Farleigh Mill 12/09/2009 
2411 Weekly ash Farleigh Mill 13/10/2009 
2412 Weekly amalgamated mud Farleigh Mill 07/10/2009-13/10/2009 
2413 Daily amalgamated mud Marian Mill 09/09/2009 
2414 Daily amalgamated mud Marian Mill 10/09/2009 
2415 Daily amalgamated mud Marian Mill 11/09/2009 
2416 Daily amalgamated mud Marian Mill 12/09/2009 
2417 Daily amalgamated mud Marian Mill 13/09/2009 
2418 Daily amalgamated mud Marian Mill 14/09/2009 
2419 Daily amalgamated mud Marian Mill 15/09/2009 
2455 Daily ash Farleigh Mill 10/09/2009 
2456 Daily ash Farleigh Mill 13/09/2009 
2458 Weekly ash Farleigh Mill 15/10/2009 
2459 Daily amalgamated mud Farleigh Mill 09/09/2009 
2460 Daily amalgamated mud Farleigh Mill 10/09/2009 
2461 Daily amalgamated mud Farleigh Mill 11/09/2009 
2462 Daily amalgamated mud Farleigh Mill 12/09/2009 
2463 Daily amalgamated mud Farleigh Mill 13/09/2009 
2464 Daily amalgamated mud Farleigh Mill 14/09/2009 
2465 Daily amalgamated mud Farleigh Mill 15/09/2009 
2466 Daily ash Racecourse Mill 09/09/2009 
2467 Daily ash Racecourse Mill 10/09/2009 
2468 Daily ash Racecourse Mill 12/09/2009 
2469 Daily ash Racecourse Mill 13/09/2009 
2470 Daily ash Racecourse Mill 14/09/2009 
2471 Daily ash Racecourse Mill 15/09/2009 
2472 Daily mud Racecourse Mill 09/09/2009 
2473 Daily mud Racecourse Mill 10/09/2009 
2474 Daily mud Racecourse Mill 11/09/2009 
2475 Daily mud Racecourse Mill 12/09/2009 
2476 Daily mud Racecourse Mill 13/09/2009 
2477 Daily mud Racecourse Mill 14/09/2009 
2478 Daily mud Racecourse Mill 15/09/2009 
2484 Weekly ash Racecourse Mill 22/09/2009 
2485 Weekly ash Racecourse Mill 29/09/2009 
2486 Weekly ash Racecourse Mill 06/10/2009 
2487 Weekly ash Racecourse Mill 13/10/2009 
2488 Weekly ash Racecourse Mill 20/10/2009 
2490 Composite mud Racecourse Mill 23/09/2009-29/09/2009 
2491 Composite mud Racecourse Mill 30/09/2009-06/10/2009 
2492 Composite mud Racecourse Mill 07/10/2009-13/10/2009 
2493 Composite mud Racecourse Mill 14/10/2009-20/10/2009 
2494 Weekly ash Farleigh Mill 22/09/2009 
2495 Weekly ash Farleigh Mill 29/09/2009 
2496 Weekly ash Farleigh Mill 06/10/2009 
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3.2 Wet chemistry methods 
In order to complete the wet chemistry analyses, dry, representative sub-samples of 
the materials were required. This allowed for accurate and precise analytical results, 
which were comparable between samples. 
The mud and ash samples were thawed in a refrigerator over three days in 
manageable batches (approximately eight samples at a time). Once thawed, the 
samples were mixed thoroughly by hand. Two representative sub-samples were 
obtained and labelled as A and B. The original sample was re-frozen immediately 
after sub-sampling took place. 
The sub-samples were loosely packed in drying tins and weighed by difference. The 
drying tins were placed with their lids removed in an oven at 45 C and left for 
approximately 48 hours, until constant mass was obtained. This was 24 hours longer 
than the usual BSES drying time for plant products, as initial drying experiments 
suggested that there was still a large amount of moisture remaining after 24 hours of 
drying. After 48 hours in the oven, the drying tins were removed, their lids were 
replaced, and they were placed in a desiccator for 30 minutes until cool. Once cool, 
the drying tins and their contents were weighed on the analytical balance and the 
mass was recorded. The percentage moisture for each sub-sample was calculated 
using the following formula, 
%ܯ ൌ ൬݉௪ െ݉ௗ݉௪ ൰ ൈ 100 
Where %M is the percent moisture, mw is the mass of the wet material, and md is 
the mass of the dry material 
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The dried sub-samples were ground to a particle size of less than 0.5 mm, using a 
Culatti MFC micro-hammer mill (Kinematica AG, Lucerne, Switzerland). The 
micro-hammer mill was cleaned thoroughly between samples with high-pressure air. 
The dried, ground samples were stored in clearly labelled, polycarbonate containers 
in a plastic bag at room temperature on a laboratory bench, out of direct sunlight. 
3.2.1 Analysis of plant samples by wet oxidation and inductively 
coupled plasma- atomic emission spectroscopy 
Quantitative analysis of nutrient elements in the by-products was undertaken with a 
Varian Vista simultaneous ICP-AES (Figure 5), used with a Sturman-Masters double 
pass spray chamber and V-groove nebuliser (Varian Analytical instruments, Walnut 
Creek, USA) and is based on the Zasoski and Borau Nitric acid/perchloric acid 
digestion method [151].  
The major elements phosphorus, potassium, sulphur, calcium, and magnesium are 
reported in percent dry matter (% dm) and the minor elements copper, zinc, iron, and 
manganese are reported in mg/kg dry matter. One or two samples of criterion 
reference material (CRM) NJV 94-4 Energy Grass (Phalaris arundinaceae L.) were 
included with each run to monitor the performance of the method and provide rapid 
identification of any errors that may have occurred. Additionally, validation 
standards were included in the ICP-AES analysis to monitor the performance of the 
instrument. Energy grass was used as it has a similar composition and nutrient profile 
to the mill by-products. A summary of the standard can be found in Table 8. 
This procedure was completed in batches of approximately 36 samples at a time. 
Some samples were chosen at random for replicate analysis. 
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Figure 5- Varian ICP-AES 
Table 8- Information for CRM NJV 94-4 Energy Grass 
Element Weight percent Methods of determination 
Nitrogen 1.04±0.068 CHN-analyser, Kjeldahl 
Phosphorus 0.109±0.0090 Colourimetry, ICP-AES, XRF 
Potassium 0.38±0.021 FAAS, FAES, ICP-AES, XRF 
Silicon 2.1±0.24 FAAS, ICP-AES, XRF 
 
In order to perform the wet digestion, a nitric acid/perchloric acid mixture was first 
made. This was done by carefully mixing 1600 mL of AR grade 69 % nitric acid 
(BDH) with 400 mL of AR Grade 70 % perchloric acid (LabServ) in a 2.5 L acid 
storage bottle. 
The BSES method for this analysis is based on 1 g of sample in 100 mL final 
volume, however, in this study reduced masses (0.15 g for ash, 0.2 g for mud, and 
0.2 g for CRM) were used to account for poor digestibility of the materials. An exact 
Sample collection and 
experimental procedures
 
 
Rapid nutrient determination of sugarcane milling by-products 
using near infrared spectroscopy 55 
 
amount of each sample to be digested was weighed and added to an acid washed 
Erlenmeyer flask. Two glass beads were placed in each flask before adding an 
accurately measured 10 mL aliquot of the nitric acid/perchloric acid mixture. Each 
flask was moved to a hotplate and a glass funnel was placed in the neck of each 
flask. The digestion was left to stand overnight. The following morning the hotplate 
was gently heated to 200 C. Once most of the brown nitric acid fumes (Figure 6) 
had been driven off, the temperature was increased to 250 C. The samples were 
removed from the hotplate and the digestion was stopped when dense, white 
perchloric acid fumes (Figure 7) evolved and the solution was near-colourless (due to 
the nature of the by-products, the solution was rarely colourless, especially for the 
ash samples). Care was taken to minimise bumping, seen mostly with ash samples, 
and to ensure flasks did not reach dryness, preventing explosion. The funnels were 
removed and rinsed with deionised water; approximately 30-40 mL of deionised 
water was added to each flask. The samples were reheated on the hotplate at 100 C 
to redissolve potassium perchlorate crystals visible in the digested liquid. The liquor 
was quantitatively transferred to a 50 mL volumetric flask, ensuring the original flask 
was rinsed well to remove all material. The solution was left to cool before making 
up to the mark with deionised water and left to stand overnight. The digested samples 
were decanted into test tubes and prepared for analysis by ICP-AES. 
ICP-AES methods require several concentration standards to be run in order to 
calibrate the instrument before samples are analysed. The standards were made by 
the following procedures. 
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Figure 6- Brown nitric acid fumes 
 
Figure 7- White perchloric acid fumes 
All standards were prepared using 4% v/v perchloric acid. Standards for phosphorus, 
calcium, magnesium, sulphur, copper, zinc, iron, and manganese were made using 
1000 mg/L primary standards (BDH), while the standard for potassium was made 
using a 2000 mg/L primary standard (BDH). The sulphur primary standard was 
prepared from ammonium sulphate, the phosphorus primary standard was prepared 
from sodium phosphate, and the calcium primary standard was prepared form 
calcium carbonate. The remaining elemental primary standards were prepared from 
their respective metals.  
All standards are based on the original method, which analysed 1 g of sample in 
100 ml final dilution. Dilution factors were included in the concentration calculations 
for this project, to account for the reduced sample mass. 
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The working standards were made using the following methods: 
Major elements 
A blank and four working standards were prepared by diluting the following volumes 
of 1000 mg/L (2000 mg/L for potassium) standards to 500 mL in acid washed 
volumetric flasks. 20 mL of concentrated perchloric acid (70 %) was added to each 
flask before making to volume with deionised water. Due to the high concentrations 
of calcium and phosphorus in the samples, an extra set of standards with higher 
concentrations was also made; these were the standards used for calibration. 
Table 9- Major element calibration standards 
Element Blank  (mL) 
Standard 5 
(mL) 
Standard 6 
(mL) 
Standard 7 
(mL) 
Standard 8 
(mL) 
Calcium 0 10 20 40 50 
Phosphorus 0 10 20 30 40 
Magnesium 0 5 10 20 30 
Sulphur 0 10 20 30 40 
Potassium 0 25 50 75 100 
 
Table 10- Calcium and phosphorus calibration standards 
Element Blank (mL) 
Standard 1 
(mL) 
Standard 2 
(mL) 
Standard 3 
(mL) 
Standard 4 
(mL) 
Calcium 0 50 100 150 200 
Phosphorus 0 50 100 150 200 
 
Trace elements 
A combined standard was prepared by adding 20 mL of each 1000 mg/L copper, 
zinc, iron, and manganese primary standard to a 200 mL acid washed volumetric 
flask and making to volume with deionised water. A blank and five working 
standards were prepared by diluting the following volumes of the combined 
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100 mg/L primary standard to 500 mL in acid washed volumetric flasks. Twenty 
millilitres of concentrated perchloric acid was added to each flask before making to 
volume with deionised water. 
Table 11- Trace element calibration standards 
Standard Volume of combined standard (mL) 
Blank 0.0 
9 2.0 
10 4.0 
11 10.0 
12 25.0 
13 50.0 
 
All elements were run simultaneously on the ICP-AES. In order to effectively 
capture the sulphur line in the UV range, the instrument was run with snout purge 
and poly-boost. The following emission lines were used: 
Table 12- Emission lines used for ICP-AES analysis 
Element Wavelength (nm) 
Calcium 315.887 
Magnesium 257.610 
Phosphorus 214.914 
Potassium 766.491 
Sulphur 181.972 
Copper 324.754 
Zinc 213.857 
Iron 259.940 
Manganese 257.610 
Sodium 588.995 
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3.2.2 BSES plant analysis method- Dry ashing and fusion with 
ICP-AES   
Quantitative analysis of silicon was performed by the dry ashing and alkali fusion 
method based on Fox et al. [152] and modified for ICP-AES detection [153]. Results 
were reported in % dm. 
Once again, one or two samples of NIST CRM energy grass were included with each 
batch to monitor the performance of the method and provide rapid identification of 
obvious procedural errors. This procedure was completed in batches of 14 at a time. 
Some samples were chosen at random for replicate analysis. 
The exact amount of each sample (0.1 g for ash, 0.2 g for mud and 0.25 g for CRM) 
was weighed into appropriately labelled, clean and dry nickel crucibles. The 
crucibles were placed into a muffle furnace, which was heated to 600 C in 200 C 
increments, over the course of half an hour. The temperature was held at 600 C for 
four hours and the oven was allowed to cool overnight. Approximately 2 g of AR 
grade sodium hydroxide (BDH pearl form) were added to the cool crucibles and were 
carefully swirled until fully coated with the ash. The crucibles were returned to the 
furnace, which was stepped to 400 C. The temperature was raised to 500 C and 
held for 30 minutes. Whilst hot, the samples were removed from the furnace, allowed 
to cool slightly before adding 5-8 mL of deionised water and placed on a hotplate set 
to 100 C until the solids melted. The liquor was transferred to a plastic beaker where 
it was neutralised to a pH of 6-7 with 2 M nitric acid (BDH), indicated by 
phenolphthalein. The neutralised liquor was transferred to a 500 mL volumetric flask 
where it was made to the mark with deionised water and mixed well. This solution 
was analysed immediately by ICP-AES using the silicon emission line at 
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251.611 nm. The following standards were made from 1000 mg/L silicon primary 
standard (BDH) in a clean 200 mL volumetric flask: 
Table 13- Silicon calibration standards 
 Blank Standard 1 
Standard 
2 
Standard 
3 
Standard 
4 
Standard 
5 
Volume of 
standard (mL) 0 1 2 4 8 12 
Concentration 0 5.0 10.0 20.0 40.0 60.0 
 
3.2.3 Dry combustion (Dumas) 
Carbon and nitrogen analysis was performed by the Dumas combustion method 
using an Elementar Vario Max CN analyser (Elementar Analysensysteme GmbH, 
Hanau, Germany) (Figure 8). Both nutrients were reported in % dm. As with the 
previous two procedures, CRM energy grass samples were included in each batch to 
ensure the instrument was functioning correctly. Due to the stability of the technique 
and instrument, calibration is only performed anually. To adjust for daily drift, a 
glutamic acid standard (Merck) is included several times in each run. 
Between 200 and 300 mg of sample was weighed accurately for analysis.  
This analysis was performed on around 70 samples at a time. Some samples were 
chosen at random for replicate analysis. 
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Figure 8- Elementar CN Analyser 
3.3 Vibrational spectroscopy 
Two spectrometric techniques were utilised during this project. Firstly, a dispersive 
NIR instrument was used to collect all sample spectra required for calibration and 
secondly, a Fourier-transform near infrared (FT-NIR) spectrometer was used to 
collect spectra that assisted in peak identification. 
3.3.1 Dispersive NIR 
A Foss NIRSystems XDS (off-axis digital synchronous) instrument with a rapid 
content analyser (RCA) FOSS (NIRSystems, Hillerød, Denmark) (Figure 9) was 
used to collect NIR spectra of each sample.  
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Figure 9- Foss NIRSystems XDS instruments with RCA module attached 
The mud and ash samples provided by the mills were thawed as a complete batch in 
the refrigerator over three days. In smaller, more manageable batches, they were 
removed from the refrigerator for NIR analysis. Each sample was mixed thoroughly 
in its container to re-introduce any condensed moisture and to improve the particular 
dispersion of the sample. A representative sub-sample was taken by loosely filling 
the moving solids module until it was half full, taking care not to compress the 
sample to ensure uniformity. The lid for the solids module was replaced and the 
module was inserted into the RCA for analysis. Once a spectrum had been collected, 
the material was returned to the sample container, re-sealed and re-frozen. The 
moving solids module was washed with water until any residue was removed and 
dried with lint-free paper wipes prior to the analysis of the following sample. This 
process was repeated for all samples in random order until each had been analysed. 
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These were labelled as the ‘A’ series. The complete process was repeated again and 
labelled the ‘B’ series. Some samples were chosen for replicate analysis. 
Several checks were performed throughout the analysis to ensure the functionality of 
the instrument and the quality of the data. Firstly, prior to analysis each day, 
photometric standards tests were performed to ensure the photometric response of the 
instrument. Secondly, performance testing was also completed prior to analysis each 
day as well as periodically throughout the day. This ensured wavelength accuracy 
and precision, bandwidth and instrument noise and amplifier gain.  
Spectra were also collected for the dried and ground sub-samples used for wet-
chemistry analysis. This was performed in the same manner as the wet material; 
however the stationary solids module was used instead of the moving solids module. 
Each sample-type required its own instrumental conditions as outlined in Table 14. 
Table 14- Summary of dispersive NIR instrumental conditions 
 Wet material Dry material 
Sample holder Moving solids module Stationary solids module 
Mode Reflectance Reflectance 
Number of scans 128 32 
Resolution 0.5 nm 0.5 nm 
Range 400-2500 nm 400-2500 nm 
Detectors Si/PbS Si/PbS 
Gain Auto Auto 
 
3.3.2 Fourier-transform NIR 
Due to ambiguity in the region surrounding the detector changeover of the dispersive 
NIR instrument, further investigation of the 1090-1200 nm region was required. The 
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Nicolet Nexus FT-NIR spectrometer with a Nicolet Near-IR Fibreport accessory 
(Madison, Wisconsin) was used to investigate this region because of its adaptable 
detector functionality. Two ash and two mud samples were selected at random to be 
analysed and were defrosted and measured in situ with a fibre optic probe. The fibre 
optic probe was cleaned thoroughly with isopropanol between samples and a 
background scan was taken prior to analysis. The instrumental conditions were as 
follows: 
Table 15- Summary of FT-NIR instrumental conditions 
Mode Reflectance 
Number of scans 256 
Resolution 8 cm-1 
Range 15000-6000 cm-1 
Detector Si 
Beamsplitter Quartz 
Accessory Near-IR FibrePort 
Gain 8.0 
Source White light 
 
3.4 Scanning electron microscopy 
An FEI Quanta 3D Focused ion Beam SEM and an FEI Quanta 200 Environmental 
SEM (FEI Company, Hillsboro, Oregon, USA) were used to collect images and 
compositional data of mud and ash samples. Six samples (two ash, four mud) were 
defrosted for analysis. A small, representative amount of each sample was mounted 
on an aluminium stub with carbon tape and carbon coated for analysis. Several 
images were obtained at various magnifications. EDAX measurements were 
collected for several key areas. Various spot sizes and acceleration voltages were 
used to optimise each image. 
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3.5 X-Ray powder diffraction 
A PANanalytical XPert Pro Multi Purpose Diffractometer (MPD) was used to collect 
diffraction patterns for three ash samples; one from each mill. The dried and ground 
sub-samples were used for analysis. The ash samples were pressed into a sample 
holder, reducing the particle size to around 1-5 μm. The incident radiation was 
produced by a line focussed PW3373/10 Cu X-Ray tube, and the reflected radiation 
was captured by an X’Celerator RTMS detector fitted with a graphite post-diffraction 
monochrometer. 
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4.0 CHAPTER FOUR 
PRELIMINARY INVESTIGATION OF WET CHEMISTRY AND NIR DATA 
The following chapter outlines the structure of the wet chemistry data, and 
subsequent NIR analysis. Firstly, the wet chemistry data will be examined, starting 
with some basic univariate statistics. This will be further investigated by multivariate 
techniques, such as principal component analysis and fuzzy cluster analysis. Electron 
microscopy will be used to provide a visual examination of the materials and X-Ray 
powder diffraction will be used for phase identification of crystalline particles. 
Secondly, the NIR spectral data will assessed by looking at instrument performance, 
wavelength selection and band allocation. Following this, the available pre-treatment 
options will be investigated.  
A total of 116 samples were used in this study. They consisted of the A and B 
representatives (see Section 3.2) of the 58 composite samples described in Section 
3.1. Although data was collected for many nutrients, only five nutrients are of focus 
for this investigation. They are carbon, nitrogen, potassium, phosphorus, and silicon. 
4.1 Analysis of wet chemistry 
The analytical processes involved in collecting the wet chemistry data are of 
paramount importance to any subsequent NIR calibration development. The quality 
of the techniques and scientific practice of the operator underpin the performance 
and working functionality of the calibration. Essentially, a calibration built with 
poorly described samples is neither robust, nor valid and will likely fail on the 
introduction of new samples.  
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A thorough investigation of the wet chemistry data will ensure their validity and 
identify any anomalies. It will also work to supplement the reader’s theoretical 
knowledge of the data and provide a means of understanding exactly what is 
happening within the samples and the data. This will provide a strong foundation 
upon which to build robust calibrations. 
Consequent of the sample heterogeneity described in Section 2.0, any analyses 
performed on these by-products, in particular the wet chemistry techniques described 
in Section 3.2,  are expected to have a higher than usual laboratory error, even 
though care is taken to obtain representative samples at all stages of the analysis. 
This is due to the instrumental limitations regarding sample size. For example, for 
plant total analysis, 0.15 g of ash was used. It is unlikely that a sample this small is 
truly representative of the bulk, however, a greater amount of sample would have 
slowed the analysis considerably and tended towards a more dangerous working 
environment. Therefore, it was concluded that a small sample size was acceptable as 
long as thorough mixing took place prior to sub-sampling. 
4.1.1 Univariate analysis 
A total of 116 samples were investigated during this process. Of these, 72 samples 
were mud and 44 were ash. Univariate analyses such as ranges, median, mean and 
standard deviation were completed. To support this information and provide a well-
rounded approach, the standard errors of the laboratory (SEL) and the coefficients of 
variation (CV) were also calculated. Both were performed according to the 
Halgerson method [84], defined as: 
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Where Xij is the jth replicate of the ith sample, X̅j is the reference method mean 
value of all of the replicates of the ith sample, R is the number of replicates, and 
n is the number of samples 
and, 
ܥܸ ൌ ܵܧܮതܺ ൈ 100 
Tables 16-18 below provide a summary of some basic statistics of the five nutrients 
for each material and the dataset as a whole. 
Table 16- Basic statistics on mud and ash data 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 28.85 3.59 6.6 0.036 0.210 0.163 
Median 78.18 12.05 29.3 1.157 1.236 0.585 
Maximum 82.71 40.50 38.1 1.766 2.013 1.483 
Range 53.86 36.91 31.5 1.730 1.803 1.320 
Mean 65.82 17.83 24.9 0.911 1.013 0.588 
Standard 
deviation 18.94 11.60 11.2 0.695 0.600 0.342 
SEL 0.41 2.48 0.9 0.029 0.059 0.038 
CV 0.62 13.93 3.8 3.145 5.861 6.406 
 
Table 16 describes statistics calculated from all participating samples in this study. 
With a definite knowledge of two different materials, it was expected these statistics 
would be broad and show large error margins. However, it provided an adequate 
overview from which to compare the statistics of the individual materials. Also, it 
provided a fair idea of what might be expected if any composite (mud/ash) samples 
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were identified. This was most likely for the samples from Marian as it is their 
practice to combine their mud and ash deposits. The nutrient ranges identified in 
Table 16 are fairly consistent between nutrients with each representing over 80% of 
the maximum nutrient value.  
With reference to CV, nitrogen had the least variation (with the exclusion of 
moisture) with a value of 3.145, coupled with a low concentration (mean of 
0.911 % dm). Phosphorus and potassium also showed acceptable, albeit worse CV 
results, when considering they were of low concentration (5.861 with a mean of 
1.013 % dm and 6.406 with a mean of 0.588 % dm, respectively). Carbon showed a 
low CV (3.8); coupled with a high mean concentration of 24.9 % dm. Silicon, 
however, was identified as having a high CV (13.93) coupled with a high mean 
nutrient concentration (17.83 % dm). These results were expected as the methods 
used to determine each nutrient vary in their accuracy and precision. The Dumas 
combustion method is a very reliable method and has a proven track record of 
repeatability. On the other hand, silicon analysis is known for its variability. This is 
not so much due to the method but the nature of the samples and the ease of 
contamination with materials containing very high amounts of silicon, for example, 
soil and dust. Although care was taken to prevent contamination during analysis, it 
was not possible to account for treatment prior to delivery at BSES. The slightly high 
levels of variation seen in the phosphorus and potassium results may simply be due 
to sample sizing and heterogeneity.  
Table 16 shows there was a significant variation between the median and mean 
values for each nutrient and percent moisture. This suggests there was either a bias in 
the data or a few individual samples were skewing the mean value. In order to 
Preliminary investigation of wet 
chemistry and NIR data
 
 
Rapid nutrient determination of sugarcane milling by-products 
using near infrared spectroscopy 71 
 
investigate this further, the data was separated by sample type and the statistics re-
calculated. This data is presented in Tables 17 and 18. 
Table 17- Basic statistics on mud data 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 76.16 3.59 21.7 0.767 0.806 0.163 
Median 79.86 8.23 33.9 1.526 1.483 0.267 
Maximum 82.71 21.80 38.1 1.766 2.013 0.854 
Range 6.55 18.21 16.5 0.999 1.207 0.691 
Mean 79.84 9.37 33.0 1.426 1.451 0.369 
Standard 
deviation 1.68 3.81 4.1 0.273 0.265 0.203 
SEL 0.27 1.40 0.9 0.032 0.074 0.014 
CV 0.34 14.98 2.7 2.251 5.075 3.711 
 
Table 18- Basic statistics on ash data 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 28.85 22.70 6.6 0.036 0.210 0.670 
Median 39.51 31.80 11.0 0.066 0.303 0.931 
Maximum 57.14 40.50 18.6 0.203 0.431 1.483 
Range 28.29 17.80 12.0 0.167 0.221 0.813 
Mean 42.86 31.68 11.6 0.070 0.297 0.945 
Standard 
deviation 9.30 4.49 3.7 0.025 0.057 0.185 
SEL 0.57 3.61 1.0 0.022 0.021 0.059 
CV 1.32 11.41 8.7 31.432 6.929 6.197 
 
A comparison of the mean and median values for the mud samples and ash samples 
individually shows a decrease in the variation. This suggests that the variation 
identified in Table 16 was not due to a few extreme samples skewing the data, but 
rather a bias in the data. This is most likely explained by the number of samples of 
each type of material. The extra 28 mud samples have weighted the dataset towards 
  Chapter Four 
 
72 Queensland University of Technology Science and Engineering Faculty 
 
the nutrient profile of a mud, which is typically low in potassium and silicon and 
high in carbon, nitrogen and phosphorus. 
Tables 17 and 18 identify a defined distinction between the nutrient profiles of the 
two materials. Of all the nutrients tested, as well as moisture content, there was no 
overlap in concentration ranges for mud and ash samples, except for potassium, 
which showed an overlap of 0.184 % dm. This is represented graphically in Figures 
10-15. As previously mentioned in Section 2.0 the mud samples were high in carbon, 
nitrogen and phosphorus showing means of 33.0, 1.426 and 1.451 % dm respectively 
and low in silicon and potassium, showing means of 9.37 and 0.369 % dm 
respectively. Alternatively, the ash samples showed high concentrations of silicon 
and potassium, with means of 42.86 and 0.945 % dm respectively and low 
concentrations of carbon nitrogen and phosphorus, with means of 11.6, 0.070 and 
0.297 % dm respectively. Mud samples also had a much higher moisture content 
averaging 79.84 % moisture as opposed to ash samples, which averaged 42.86 %. 
The nutrient profiles presented in Table 17-Table 18 were mostly consistent with the 
literature values of nitrogen, potassium and phosphorus [3], with values for carbon 
and silicon not included in the report. The ash samples showed the most deviation 
from the literature values. Nitrogen, potassium and phosphorus all recorded much 
smaller ranges, 0.036-0.203 % dm as opposed to 0.1-0.5 % dm, 0.670-1.483 % dm as 
opposed to 0.07-2.3 % dm and 0.210-0.431 % dm as opposed to 0.04-0.3 % dm, 
respectively. However, a comparison of the means shows that the samples used in the 
current analysis were more evenly spread, with the mean sitting well at the mid-point 
of the range, whereas the literature figures suggested a skew of the data towards the 
lower end of the range for nitrogen and potassium (means of 0.15 and 0.9 % dm 
respectively). 
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Figure 10- Plot showing the moisture range for all mud and ash samples 
 
Figure 11- Plot showing silicon concentration range for all mud and ash samples 
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Figure 12- Plot showing the carbon concentration range for all mud and ash samples 
 
Figure 13- Plot showing the nitrogen concentration range for all mud and ash samples 
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Figure 14- Plot showing the potassium concentration range for all mud and ash samples 
 
Figure 15- Plot showing the phosphorus concentration range for all mud and ash samples 
Splitting the samples improved the overall SEL and CV values for mud samples. 
Most notable was the drop in CV for potassium from 6.406 to 3.711, suggesting 
significant improvement. Silicon maintained a very high CV at 14.98, a slight 
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increase on the original value. These improvements were countered by an increase in 
the SEL and CV values for all nutrients in ash samples. Excluding moisture, which 
was excellent with a CV of 1.32 and SEL of 0.57, all nutrients had CV scores over 5, 
which suggested a large variation in the replicate analyses. This is most likely due to 
the heterogeneity of the material and the reduced sample sizes required for ash 
analyses. The poor CV values for ash may have also been due to the smaller dataset, 
which would also suggest why the overall statistics for the mud samples were of 
higher quality. The CV of nitrogen was unusually high for ash and suggests that 
further investigation is required to understand the cause. 
As CV represents the variation in the replicate data, the high value for nitrogen 
suggests that at least one A/B sample pair gave erroneous results. An offending 
sample is hinted at in Figure 13, where there is a large difference between the highest 
ash value for nitrogen and the second highest value. This point corresponds to 
sample 2488B. The linearity of the data was tested by plotting the A and B 
representatives against each other and is shown in Figure 16. 
Figure 16 clearly shows a single data point that is resting a long way from the 
remainder of the data. This point represents sample 2488. This is an obvious outlier, 
with the B sample being in disagreement. The primary data showed no cause, nor 
transcription error to explain this result. The variation was most likely due to 
sampling error and as this test could not be repeated, the A and B representatives of 
this sample were removed from the dataset as outliers. The plot was recalculated, as 
shown in Figure 17. 
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Figure 16- Plot showing the replicate data for the nitrogen content of ash samples 
 
Figure 17- Plot showing the replicate data for the nitrogen content of ash samples (sample 2488 removed) 
Removal of sample 2488 from the plot gives a more ‘expected’ plot. However, it 
identified two additional points that sit a significant distance from the line. These 
points represent samples 2468 and 2411. An inspection of the primary data showed 
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there was a difference of approximately 22 % in the A and B scores for both of these 
samples. Sample 2468 had values of 0.086 and 0.108 % dm and sample 2411 had 
values of 0.099 and 0.077 % dm respectively for the A and B replicates. This is a 
large difference and suggests an error in the experimental technique. Similarly to 
sample 2488, the inability to repeat these procedures (due to lack of sample) to 
determine the probable cause of the difference resulted in these samples being 
labelled as outliers and removed from the dataset. A third plot was recalculated to 
show the final selection of appropriate data (Figure 18). 
 
Figure 18- Plot showing the replicate data for the nitrogen content of ash samples (samples 2488, 2468, 
and 2411 removed) 
Figure 18 does not demonstrate any single point that is significantly different from its 
surrounding data, however, it does illustrate that the whole dataset for nitrogen is not 
especially linear and is rather scattered. This suggests NIR calibrations built using 
this data may perform poorly and not be as robust as expected. It is likely the 
variation in the data is due to the heterogeneous nature of the material, as the Dumas 
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combustion method is very reliable and repeatable. It is probable the very small 
amounts of material required for this technique did not cater adequately to the 
requirements of the ash, increasing the sampling error significantly. However, as the 
aim of this research is to establish a proof of concept application, an attempt will be 
made to build a calibration from this data. Accordingly, care will be taken when 
interpreting and reporting such results to ensure the integrity of the surrounding 
research. 
An investigation into the high CV value for silicon was also required. The value was 
equally high amongst the three combinations of the material (13.93, 14.98 and 11.41 
for the combined, mud and ash data respectively); suggesting points of interest were 
likely in both the mud and ash datasets. Similarly to the nitrogen data, plots of the 
replicate A and B data were constructed to examine linearity (Figure 19). All 
proposed outliers identified previously will be included in this and following primary 
data analysis to allow a complete study of the data. Section 4.1.5 will outline the 
final outcome of samples identified to be outliers and report on the inclusion or 
exclusion of such samples in the remainder of the research. 
Figure 19 shows five samples that were dissimilar from the remainder of the data. 
These samples are 2468, 2458, 2487, 2488 and 2418. Each of these are ash samples, 
except sample 2418, which is a mud sample. Samples 2468, 2487, and 2488 had 
variations between A and B values of over 10 % dm, or approximately 30 %. Sample 
2458 had less variation of 6.8 % dm or, approximately 22 %. Sample 2418 had a lot 
of variation, 8.16 % dm or approximately 50 %. These figures indicated all of these 
samples were unacceptable for inclusion in calibration development methods. This 
plot was reconstructed with the proposed outliers removed (Figure 20). 
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Figure 19- Plot showing the replicate data for the silicon content of mud and ash samples 
 
Figure 20- Plot showing the replicate data for the silicon content of mud and ash samples (samples 2488, 
2468, 2487, 2458, and 2418 removed) 
The removal of the proposed outliers resulted in a linear distribution of the data with 
only minimal scatter. This data performed to expectations, especially when taking 
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into account the variable nature of the dry ashing and fusion method. It is likely that 
this data will provide an acceptable platform upon which to build NIR calibrations. 
This procedure was repeated for all remaining nutrients to confirm the low CV 
values and to identify potential outliers. No outliers were identified in the potassium 
or phosphorus plots, while one sample in the carbon analysis appeared to be 
inconsistent with its neighbouring data. Further investigation identified this sample to 
be 2488 (previously recognised in the silicon and nitrogen analyses) and uncovered a 
variation of 5.4 % dm or 31.6 %. This sample is an outlier, as was also suggested in 
the previous two studies. As these plots identified no unexpected information, they 
have not been included. 
A thorough investigation of the data with univariate techniques suggested that ash 
samples 2488, 2468, 2411, 2487, and 2458, and mud sample 2418 show differences 
between their A and B replicate data, and should be excluded from further analysis. 
Further investigation will be conducted using multivariate techniques to confirm 
these observations. 
4.1.2 Multivariate analysis 
Three multivariate analysis techniques will be used to assess data validity and 
describe relationships between the data. These are RSD vs. Hotelling’s T2 test plots, 
principal component analysis (PCA) and fuzzy clustering. These methods were 
chosen for their strong chemometric focus, allowing continuity with the calibration 
stages of this project. 
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Firstly, plots of RSD vs. Hotelling’s T2 test will be discussed. These plots were 
developed in PRS Sirius version 8.0. This program develops these plots based on the 
scores vectors of the sample set, as opposed to the original variables. A confidence 
level (α) of 0.05 was used for the calculation. Firstly, a PCA was performed on the 
dataset (which will be discussed later), followed by a Hotelling’s T2 test calculation, 
which was compared to the RSD, allowing for the identification of outliers. An RSD 
vs. Hotelling’s T2 test displays the spread of the scores vectors across four quadrants. 
The objects in the lower left quadrant satisfy the requirements for both the RSD and 
Hotelling’s T2 test. Ideally, the majority of the data is found in this quadrant. Objects 
found in the lower right quadrant fail the Hotelling’s T2 test and should be examined 
for their potential as outliers. Similarly, the objects found in the upper left quadrant 
fail the RSD test and also should be examined for their potential as outliers. Objects 
found in the upper right quadrant fail both the RSD and Hotelling’s T2 test and are 
most certainly outliers. All Hotelling’s T2 tests were calculated with scores from 
PCA data that had been autoscaled. The number of principal components included in 
each investigation depended on their variance contribution to the total. A total 
variance of 95-98 % was considered desirable. As RSD vs. Hotelling’s T2 tests 
compare the dissimilarity of a sample to the group, the mud and ash samples were 
investigated separately. This reduces the chance of missing key data that resides 
outside the accepted limits because of a similarity with the other product. 
The mud samples were investigated first and the RSD vs. Hotelling’s T2 test is 
shown in Figure 21. This investigation included all mud samples and is represented 
by three principal components summing to a combined variance of 97.3 %. Figure 21 
indicates that none of the mud samples are of significant enough difference to be 
termed outliers. However, it does show that sample 2418B has a high Hotelling’s T2 
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score of around 19, suggesting that this sample is an extreme variant and warrants 
further investigation. Inspection of the primary data shows an uncommon 
combination in the levels of silicon and potassium in the sample. In comparison to 
other similar samples, sample 2418B is high in silicon content, but low in potassium. 
As will be illustrated when discussing the biplots, these nutrients are slightly 
correlated and therefore, should trend in the same direction. It is likely that this 
inconsistency is responsible for the high Hotelling’s T2 score. This information, in 
combination with that provided by the examination in Section 4.1.1, further 
reinforced this sample is an outlier and should be removed from the dataset. All of 
the remaining samples in the upper left and lower right quadrants except 2460A are 
members of a mud sample sub-group discussed further in this chapter. Their slight 
difference from the main cluster of samples is explained and supported by the 
primary data, which shows no obvious anomaly. 
 
Figure 21- RSD vs. Hotelling's T2 test (all mud samples) 
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Similarly, an investigation of all ash samples is represented in Figure 22. This 
analysis took into account four principal components accounting for 95.7 % of the 
explained variance. Again, this plot showed no samples residing in the upper left 
quadrant, suggesting no direct outliers. However, the presence of both the A and B 
representatives of samples 2468 and 2488 as the only occupants of the upper left and 
lower right quadrants suggests some difference between these samples and the rest of 
the group.  
For sample 2468, both samples were high in potassium with sample A also being 
high in phosphorus and low in silicon, whilst sample B showed high levels of 
nitrogen. Sample 2488 showed elevated phosphorus levels for both representatives, 
with B also having high nitrogen and low silicon when compared to the rest of the 
ash group. As was suggested during the analysis of the mud samples, these trends are 
opposite to those expected and were also identified in the biplots of the data. It is 
likely these samples are outliers and should be taken into consideration for removal.  
When these samples are removed and the RSD vs. Hotelling’s T2 test is re-plotted, 
no samples are represented outside of the lower left quadrant (Figure 23). 
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Figure 22- RSD vs. Hotelling's T2 test (all ash samples) 
 
Figure 23- RSD vs. Hotelling's T2 test (ash samples 2468 and 2488 removed) 
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Secondly, the biplots obtained from the PCA will be discussed. The first PCA, which 
is inclusive of all mud and ash samples is represented by a biplot in Figure 24. This 
plot shows the relationship between PC1 (responsible for 94.8 % total variation) and 
PC2 (responsible for 3.16 % total variation). PC1 shows the separation of the data 
into three distinct clusters. One cluster, positive on PC1, includes all ash samples. 
The remaining two clusters, negative and neutral on PC1, consist solely of mud 
samples. The biplot shows the mud samples have high concentrations of carbon, 
nitrogen, and phosphorus, with low concentrations of silicon and potassium. 
Alternatively, the ash samples are high in silicon and potassium and low in 
concentrations of carbon, nitrogen, and phosphorus. this relationship drives the 
separation of the materials into different groups. 
 
Figure 24- Biplot of mud and ash samples 
The loadings represent a relationship of the scores spread and assist with the 
interpretation of data clustering. Carbon, nitrogen, and phosphorus are highly 
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correlated, as indicated by the acute angle of separation between the nutrients. This is 
expected in mud products as the material contains proteins and polyacrylamide 
flocculants, sources of nitrogen and carbon; as well as cellulosic, hemicellulosic and 
lignin fibre components, each a significant source of carbon. Phosphorus is also 
present in significant quantities due to the addition of phosphoric acid for defecation. 
A small amount of the phosphate quantity is contributed by the defecation of the 
soluble phosphorus in the juice. The phosphoric acid in the presence of lime forms a 
precipitate of mono-, di-, and tricalcium phosphates, with tricalcium phosphate being 
the most prevalent species. The insoluble or colloidal impurities, such as proteins, 
bind with these solids and end up as mud components. This describes the correlation 
of carbon, nitrogen, and phosphorus as the amount of carbon and nitrogen containing 
compounds precipitated during defecation is proportional the phosphate and lime 
levels of the juice [154].  
The loadings for silicon and potassium were negatively correlated with the carbon, 
nitrogen, and phosphorus group, and were independent of each other. Silicon and 
potassium are both nutrients used in large quantities by plants. Although the exact 
use and transport of silicon is unknown [29], it is said to exist in the plant cells in a 
structural role offering support and strength [31]. The concentration of silica in plants 
is much higher in the leaves and growing regions than in the stalk and root system 
[152]. Potassium remains in its ionic form both in the living plant and in the soil. As 
a result, it performs many roles, from nutrient transport to stomatal activity and is 
found in all regions of the plant [155]. It is likely potassium and silicon are present in 
the ash as inorganic oxides in minerals resistant to high temperatures. This theory 
will be investigated further in Sections 0 and 3.5. If these minerals are present in 
varying ratios, this likely explains the perpendicular association of the potassium and 
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silicon loadings on the biplot. Their proximity to the ash sample and the resulting 
negative correlation with carbon, nitrogen, and phosphorus can be explained by 
considering the origin of the materials. Ash is produced by burning bagasse, a 
combination of stalks and leaves left-over after crushing. Prior to burning in the 
boiler, these stalks and leaves, identified as the storage areas for potassium and 
silicon, would also contain products found in mud such as protein and cellulosic 
fibres (containing nitrogen and carbon, with some phosphorus). However, the more 
volatile nature of the latter nutrients results in these materials being destroyed during 
the high temperatures used in the ashing process. Silicon and potassium (as inorganic 
oxides), along with some other nutrients not discussed in this project, survive the 
high temperatures and remain in relatively high concentrations in the residual ash. 
Alternatively, the mud is a by-product of the juice clarification process, which 
ideally contains little to no plant material, reducing the chance of silicon and 
potassium being present in the aliquot. The addition of small amounts of bagacillo 
during the filtration and cake formation processes may increase the presence of 
silicon and potassium in a mud sample.  
The separation of the scores into three clusters, one cluster for ash and two clusters 
for mud, suggests that the samples within the central mud cluster have some 
characteristics similar to those of ash samples. Each mill handles these by-products 
independently, with some mills distributing the mud and ash as separate entities, 
whilst others combine the products into a composite by-product, which is essentially 
a cost-effective, value-added product. Marian Mill combines their mud and ash into a 
composite material. Examination of the central cluster in the biplot shows that the 
samples are solely from Marian Mill, and likely represent composite materials. To 
investigate this further, and prove or disprove the full presence and identity of this 
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product, fuzzy clustering will be performed on this dataset and representatives from 
each cluster will be visually assessed using microscopic techniques (Section 4.1.3). 
The spread of the ash and composite samples along PC2 suggest some variation in 
their silicon and potassium ratios. This is not unexpected as variation of their nutrient 
profiles occurs during the milling season. It is possible this is illustrating variation in 
the age or maturity of the cane, with older cane having a lower silicon concentration, 
or it may be illustrating variation in fertiliser application and/or soil availability of 
nutrients across various environmental locations. Two ash samples, however, are a 
long distance from the rest of the cluster and it is likely that these samples are 
outliers. These samples are the A and B representatives of samples 2468, which were 
also identified in Section 4.1.1 as being likely outliers. This sample was removed and 
the biplot was reconstructed and shown in Figure 25. The mud samples remain 
tightly clustered on PC2 suggesting little variation in composition. This is most likely 
due to the very similar chemical compositions of the biological elements of the cane 
such as fibre and protein, which contribute the majority of the nitrogen and carbon 
present in the material. 
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Figure 25- Biplot of mud and ash samples (2468 removed) 
The final multivariate analysis technique invested was fuzzy clustering, which was 
also performed using PRS Sirius 8.0 software. Fuzzy clustering can be used to 
statistically identify the presence of multiple materials and provide insight into the 
classification of each sample to a cluster. Fuzzy clustering is a supervised method, 
requiring the user to select the number of clusters prior to calculation. Ultimately, 
three analyses were chosen based on visual inspection of the PCA plots and prior 
knowledge of the data. They were: two classes, chosen due to an understanding that 
at least two separate materials (mud and ash) were present; three classes, chosen after 
visual analysis of PCA plot and identification of a suspected third group of 
composite materials, and; four classes, chosen as a test to confirm prior experiments 
weren’t subject to under-fitting. All analyses were performed using an index of two, 
giving classes with intermediate membership spread; neither hard nor soft. The 
resulting memberships are displayed in Figures 26-28. 
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Figure 26- Fuzzy cluster analysis- two classes 
Fuzzy cluster analysis of the mud and ash data with a limit of two classes (Figure 26) 
separated membership upon the identity of the component as a mud or an ash sample. 
This is an expected outcome of the cluster analysis as the separation between the two 
products can be clearly observed. Of all three analyses, this was determined by the 
software to be the most acceptable class set.  
Two samples do not share majority membership with their expected class, however, 
and can be located at the centre of the plot. These points signify the A and B 
representatives of sample 2503, a mud sample. It can be seen by the grouping that 
this sample aligns most strongly with class two which otherwise consists completely 
of ash samples. Sample 2503A has a membership of 0.366 and 0.634, and sample 
2503B has a membership of 0.363 and 0.637 for classes one and two, respectively. 
This shows that although these samples are more closely aligned with the ash 
samples, there is also a strong relationship to class one, representing the other mud 
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samples. It has been previously mentioned there were suspicions regarding the 
composition of the central cluster of samples; those collected from Marian Mill. 
Although they are termed ‘Mud’ samples, they are likely a composite of mud and 
ash, combined after process according to standard milling practice. If this is indeed 
the case, it is likely there was little quantitative control over the mixing of these 
components. Therefore, various ratios of each material would be found in each 
sample taken. Samples 2503A and B are likely composites with a higher ash ratio 
than the remaining mud samples, resulting in a strong affiliation with class two. 
 
Figure 27- Fuzzy cluster analysis- three classes 
The second analysis identified the membership for three classes and is represented in 
Figure 27. This analysis produced results that support the theory of a third composite 
material being present in the samples, represented by class three. Each of the 
members for class three are samples obtained from Marian Mill. Similar to the prior 
analysis, however, two samples do not share majority membership with their 
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expected class. In this case the samples were 2414A and B. These are both Marian 
samples which visually appear to group with the central cluster of samples. Sample 
2414A had a membership of 0.730, 0.021, and 0.249, and 2414B had a membership 
of 0.746, 0.022, and 0.232 for classes one, two, and three, respectively. This 
identifies a strong allegiance of these samples to class one, containing majority mud 
samples. Interestingly, the two closest composite samples 2415A and B share a 
generous portion of their membership between classes one and three, and 
demonstrated only slightly more affiliation with class three. Sample 2415A had a 
membership of 0.467, 0.03, and 0.503 and sample 2415B has a membership of 0.484, 
0.029 and 0.487 for classes one, two and three respectively. Samples 2419A and B 
also share some membership between classes one and three. This suggests, although 
visually (on the biplot), there was a distinct difference between the ‘pure’ mud 
samples and the composites; the statistical clustering technique identifies a blurred 
margin between the two, validating the outcome that a two class system is most 
functional for this dataset. Further investigation into the composition of the third 
class will be examined in Section 4.1.3 for a full understanding of the material and to 
validate or invalidate the prior hypothesis. However, future analysis of the mud 
samples will include all mud and composite samples as a full dataset which is 
inclusive and covers a wide range of expected nutrient composition. 
An examination of the dataset with four classes is no longer integral to the 
investigation, however has been included for completeness. Figure 28 shows some 
rather unexpected clustering and likely represents an over-fitted dataset. 
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Figure 28- Fuzzy cluster analysis- four classes 
4.1.3 Scanning electron microscopy 
In order to explore the theory proposed earlier that the central cluster of samples 
identified in the biplot of the data (Figure 24) and classified as class three (Figure 27) 
is in fact a mixture of mud and ash materials, scanning electron microscopy (SEM) 
techniques were employed to provide visual inspection of the untreated material and 
to provide useful chemical information. Three representative samples were chosen. 
They were 2474 (mud), 2494 (ash) and 2413 (composite). These will be interpreted 
individually. 
Sample 2474 (Figure 29) was viewed as a dried and unground mud sample at 300x 
magnification. Contrast was obtained through secondary electron (SE) detection. The 
material present in this image is indicative of the whole sample present on the stub 
used for analysis. Two types of material can be clearly seen in this image. The most 
prominent component was typified by large floral looking particles which ranged in 
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size from around 150 μm to over 400 μm. Also present were much smaller coagula, 
which appear most often to reside on the ‘leaves’ of the larger particles. Energy-
dispersive X-ray spectroscopy (EDX) of the large floral particles showed a high 
carbon and oxygen content (Figure 30), indicating this was most likely biological 
plant material left as a residual deposit after the crushing of the cane. EDX of the 
coagulum identified various other inorganic components such as aluminium, silicon, 
phosphorus, potassium, and calcium (Figure 31). These are likely to be particles 
precipitated during juice defecation and therefore, contain a wide range of 
components. It is this material that is responsible for the high phosphorus content of 
mud samples. 
 
Figure 29- SE-SEM image of mud sample 2474 
  Chapter Four 
 
96 Queensland University of Technology Science and Engineering Faculty 
 
 
Figure 30- EDX analysis of floral particle in mud sample 2474 
 
Figure 31- EDX analysis of coagulum in mud sample 2474 
Sample 2494 was viewed as a dried and unground ash sample at 100 x magnification, 
with SE contrast (Figure 32). This image showed a wide variety of different shaped 
and sized particles. The majority of these particles could be categorised into four 
Preliminary investigation of wet 
chemistry and NIR data
 
 
Rapid nutrient determination of sugarcane milling by-products 
using near infrared spectroscopy 97 
 
categories: agglomerates and spherical particles (Figure 33), highly ordered materials 
(Figure 36), fibrous material (Figure 38) and crystalline particles (Figure 36). A 
closer look at the individual particles, in combination with EDX, will provide the 
means to identify the materials present in the ash samples. 
 
Figure 32- SE-SEM image of ash sample 2494 
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Figure 33- BSE-SEM image of agglomerate and spherical particles in ash sample 2494 
 
Figure 34- EDX of agglomerates found in ash sample 2494 
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Figure 35- EDX of spherical particle observed in ash sample 2494 
Figure 33 shows an SEM backscattered electron (BSE) image of the agglomerates 
and spherical particles from an ash sample, and their respective EDX patterns can be 
seen in Figures 34 and 35. These particles appear to be compounds in various stages 
of melting and often contained slightly different chemical profiles, which would 
account for the variation observed in melting temperature.  
The porous surfaces of the agglomerates and the spheres were very similar and it is 
proposed these two structures are similar siliceous materials. However, the spherical 
particle has fully melted and changed shape due to the surface tension of the melted 
liquid, whereas the agglomerated particle has melted sufficiently to form softened 
edges, but not reached full liquefaction. It is also possible this material was an 
amorphous cristobalite (a polymorph of quartz) known to be found as a metastable 
phase in ashes created in temperatures lower than 1010 °C when fluxes such as 
sodium, potassium and aluminium are present [156]. 
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Figure 36- BSE-SEM image of highly ordered material and crystalline particle in ash sample 2494 
 
Figure 37- EDX analysis of highly ordered material in ash sample 2494 
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The second particulate of interest was very common in the ash sample and appeared 
in varying sizes and formations. Close inspection of the material identified certain 
features of this structure that make it appear organic; more specifically, stomata and 
guard cells (Figure 36).  Considering the industrial process that produces mill ash 
(heating at very high temperatures), it is unlikely that any organic material would 
survive. Therefore, further investigation of this material was required.  
EDX analysis (Figure 37) identified a very strong presence of silicon and oxygen as 
well as some potassium. This identified the material to be inorganic, despite its 
organic appearance. This provided an insight into the probable nature of these 
particles. It is likely that these particles are masses of phytoliths; silica bodies that 
maintain the inter/intracellular shapes of plant cells after the removal of organic 
matter. They are most often composed of amorphous silica of the formula 
SiO2·(nH2O). Occasionally small amounts of aluminium, iron, manganese, 
magnesium, phosphorus, copper, nitrogen, and organic carbon are trapped in the 
phytolith structure. This occurs when silica impregnates a space in the cell containing 
cytoplasm, a thick liquid which contains many inorganic salts and proteins [157, 
158]. The presence of these materials after exposure to high temperatures, such as 
those experienced during the burning of bagasse has been well reported [159-162].  
Phytoliths are not present in all plants, but are well known to be present in the 
Gramineae (Grass) family and, in particular, the subfamily Panicoiedae, of which 
sugarcane is a member. Panicoiedae most often produce discrete dumbbell and cross 
shaped phytoliths, however, other shapes have been reported [163]. Fused or 
complex structures can also exist [164]. Both discrete and fused dumbbell phytoliths 
can be observed in the BSE SEM image of the ash sample Figure 36. Also, phytoliths 
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have formed in the stomata and guard cells, preserving their shape [Twiss 1992, as 
cited in 164, 165]. 
The third materials of interest were the fibrous bundles identified in the BSE SEM 
image in Figure 38. The presence of a variety of materials identified in the EDX of 
this material (Figure 39) suggested this is a siliceous material that has formed from 
the original bagasse fibres, much like the phytoliths. It contains various inorganic 
oxides which were most likely trapped during the formation of the silicates. 
 
Figure 38- BSE-SEM image of fibrous material in ash sample 2494 
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Figure 39- EDX analysis of fibrous material found in ash sample 2494 
The fourth and final material of interest investigated was the highly crystalline 
particles seen in Figure 36 on the phytolith structure. EDX of this material (Figure 
40), in combination with the crystalline structure indicated the likelihood this 
material is quartz [166]. Further investigation of the crystalline particles in the ash 
material will be completed by X-Ray powder diffraction to identify the crystalline 
phases present in the sample (Section 4.1.4). 
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Figure 40- EDX analysis of crystalline particle found in ash sample 2494 
Sample 2413 (Figure 41) was viewed as a dried, unground mud sample (theorised to 
be a composite of mud and ash material) at a magnification of 300x, with BSE 
contrast. This image showed three main types of material: an organic looking fibre 
bundle, amorphous agglomerates and organic looking floral materials.  
With the information obtained from the prior examination of the mud and ash 
samples, the presence of each particle could easily be explained with regards to its 
origin and was supported by EDX analysis. The floral-like structure was also 
identified in Figure 30 and was attributed to organic plant material due to its high 
carbon and oxygen content. The EDX spectrum of the plant material in sample 2413 
(Figure 42) was very similar to the EDX spectrum of the same particle in sample 
2475 (Figure 30); however, silicon and other inorganic compounds were also present. 
The inorganic compounds were probably due to the presence of the coagula on the 
‘leaves’ of the structure. The fibre bundle also had a carbon and oxygen heavy 
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composition (Figure 43), indicating it was also residual plant material left after the 
crushing of the cane. Both of these particle types were probably contributions from 
the mud component of the composite.  
The remaining coagula, much like those identified in Figure 34 showed a presence of 
silicon, magnesium, aluminium, phosphorus, potassium and calcium, as well as 
carbon and oxygen (Figure 44). These particles were likely contributions from the 
ash component of the composite. This image, therefore, supported the theory that 
class 3 in Section 4.1.2 represented samples that contained both mud and ash 
particles as a result of the milling practices at Marian Mill. 
 
Figure 41- BSE-SEM image of composite sample 2413 
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Figure 42- EDX analysis of floral structure in composite sample 2413 
 
Figure 43- EDX analysis of fibre bundle found in composite sample 2413 
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Figure 44- EDX analysis of coagula found in composite sample 2413 
4.1.4 X-Ray powder diffraction 
X-ray diffraction analysis of the ash samples produced rather simple diffraction 
patterns indicative of two types of minerals, quartz and feldspar (Figure 45). The 
quartz standard reference pattern was clearly well matched, with all peaks aligning 
with the sample pattern. The lack of cristobalite peaks in the XRD pattern suggests 
that even with fluxes present, the boiler does not reach the temperatures required for 
tridymite and cristobalite to form.  
Feldspar exists as multiple types and are categorised by their end-member. Potassium 
feldspars contain potassium end-members (KAlSi3O8), albite feldspars contain 
sodium end-members (NaAlSi3O8), and anorthite feldspars contain calcium end-
members (CaAl2Si2O8) [167]. Feldspar is represented in Figure 45 by albite 
(NaAlSi3O8); however, the pattern was not a perfect match. Instead of existing as a 
single state, the feldspar probably existed as a solid solution of potassium feldspar 
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and albite feldspars (alkali feldspar) [168]; a theory supported by the presence of 
potassium and sodium in the EDX spectra. The occurrence of both quartz and 
feldspars (including alkali feldspars) in sugarcane mill ash is consistent with the 
literature [166, 169-171].  
 
Figure 45- XRD pattern of ash sample showing quartz and albite reference matching 
4.1.5 Summary 
A thorough statistical analysis of the primary wet-chemistry data has been 
undertaken using various univariate and multivariate techniques. Several samples 
were identified as potential outliers, many of which were identified using multiple 
techniques. After a complete analysis, it was determined that the following samples 
were outliers and their A and B representatives have been removed from all 
subsequent analyses. They are: ash samples 2488, 2468, 2411, 2487, and 2458, and 
mud sample 2418. This leaves a total of 17 ash samples and 35 mud samples. The 
large number of outliers for the ash data set is likely due to the small number of 
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samples not appropriately approximating a normal curve. As this thesis covers only a 
proof of concept activity, this is a satisfactory outcome, but will require further 
attention in future work. The basic statistics provided in Tables 16-18 have been 
recalculated with these outliers removed and are presented in Tables 19-21. 
Table 19- Basic mud and ash statistics (outliers removed) 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 28.85 3.59 6.7 0.036 0.210 0.163 
Median 79.02 10.09 31.8 1.290 1.347 0.523 
Maximum 82.71 40.50 38.1 1.766 2.013 1.225 
Range 53.86 36.91 31.4 1.730 1.803 1.062 
Mean 67.94 16.83 26.1 0.990 1.078 0.547 
Standard 
deviation 18.12 11.52 11.0 0.683 0.593 0.326 
SEL 0.37 1.26 0.8 0.024 0.062 0.037 
CV 0.54 7.49 3.0 2.409 5.770 6.779 
 
Table 20- Basic mud statistics (outliers removed) 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 76.16 3.59 21.7 0.767 0.806 0.163 
Median 79.88 8.23 34.0 1.529 1.494 0.266 
Maximum 82.71 21.80 38.1 1.766 2.013 0.796 
Range 6.55 18.21 16.5 0.999 1.207 0.633 
Mean 79.92 9.29 33.2 1.439 1.461 0.356 
Standard 
deviation 1.64 3.77 4.0 0.264 0.261 0.188 
SEL 0.28 1.04 0.8 0.029 0.074 0.014 
CV 0.35 11.15 2.5 2.000 5.083 3.902 
 
For the mud data, removal of the outliers showed a 25 % improvement in the CV 
score for silicon, while carbon and nitrogen values also decreased. The SEL results 
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for the mud samples either remained steady or improved for all nutrients. A slight 
decrease in CV was observed for moisture, although it was not significant.  
Table 21- Basic ash statistics (outliers removed) 
 Moisture (%) 
Si 
(% dm) 
C 
(% dm) 
N 
(% dm) 
P 
(% dm) 
K 
(% dm) 
Minimum 28.85 25.50 6.7 0.036 0.210 0.670 
Median 41.17 32.40 10.9 0.066 0.299 0.939 
Maximum 55.52 40.50 18.6 0.092 0.361 1.225 
Range 26.67 15.00 11.9 0.056 0.151 0.555 
Mean 43.29 32.35 11.4 0.065 0.289 0.940 
Standard 
deviation 9.42 3.94 3.5 0.013 0.047 0.148 
SEL 0.51 1.63 0.6 0.006 0.022 0.062 
CV 1.17 5.03 5.6 9.067 7.597 6.564 
 
Removal of the outliers had a significant effect on the CV and SEL of the ash data. 
Improvement in both values was observed for moisture, silicon, carbon and nitrogen. 
The most notable changes were the SEL and CV of nitrogen which showed 
reductions of 97 % and 71 % respectively. Large changes in the SEL and CV for 
silicon were also observed with reductions of 55 % and 56 % respectively. A slight 
drop in SEL and CV was noted for potassium and phosphorus, however this is only 
minor. 
The preceding information suggests that separate calibrations will be required for 
each by-product, and this will probably reduce the prediction error of the 
calibrations. Also, it will be expected that the ash calibrations will be of a poorer 
quality than the mud calibrations on the basis of their wet-chemistry data. 
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4.2 Analysis of vibrational spectroscopy 
There are several steps involved in preparing vibrational spectroscopy data for use in 
a PLS calibration. The first step involves ensuring the spectrometer is functioning 
correctly, which was done using a NIST coal fly ash standard. The second step 
involves the selection of adequate wavelength regions to be included in the 
calibration, which includes some basic band assignments and examination of residual 
instrumental effects. Finally, a number of pre-treatment methods should be examined 
to determine the most effective options for calibration development with this dataset. 
This involved some PCA investigations of the spectral data.  
4.2.1 NIST standard 
Multiple tests were carried out to ensure the functionality of the instrument, prior to 
accepting the spectral data as representative. These included photometric standards 
testing, performance testing and continual monitoring with a NIST coal fly ash 
standard. The coal fly ash standard was NIST SRM 2690, a product of a sub-
bituminous coal. This standard was selected as it was the closest match of a 
commercially available reference material to the by-products of interest; they were 
similar both in colour (absorbance) and elemental composition (phosphorus, 
potassium, and silicon all within reasonable range). A summary of the standard is as 
follows: 
Table 22- NIST CRM Coal fly ash 2690 analytical composition 
Element Weight percent Methods of determination 
Phosphorus 0.52±0.01 DCP, Colorimetry, XRF 
Potassium 1.04±0.04 AAS, INAA, XRF 
Silicon 25.85±0.17 AAS, DCP, Gravimetry, XRF 
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A spectrum of the standard (Figure 46) was collected subsequent to each reference 
scan. New reference scans were collected periodically throughout the day and after 
any break periods. This procedure was completed with the goal of providing a 
method to visually monitor the performance of the instrument. By incorporating each 
spectrum into a PCA scores plot, it could be seen whether there was any trending due 
to sample date or time, or other unknown factors. 
 
Figure 46- Representative NIR spectrum of NIST CRM Coal fly ash 2690 
The scores plot of the NIST CRM coal fly ash sample (Figure 47) shows scans one to 
six and scans 10 to 15. Scans seven to nine and scans 16 to 18 were collected for 
participation in a linked project and do not relate to the data used in this examination. 
Consequently, they have not been included in this analysis. As proposed in Section 
3.3.1, spectra were collected on samples of wet, and dried and ground mud and ash 
materials. Coal fly ash spectra one to six were obtained during the collection of scans 
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of the wet material, while spectra 10-15 were obtained during the collection of scans 
of the dry material.  
 
Figure 47- Scores plot of NIST CRM Coal fly ash spectra collected throughout the project 
Although a relatively even scatter scores is identified in the plot, there is a distinct 
separation between the first set of scans (one to six) and the second set of scans (10 
to 15). The clustering of coal fly ash standards into a ‘wet’ group and a ‘dry’ group is 
not ideal, however, as the spectra from the two will not be compared or used in 
unison, and there is no trending within the groups, the results are fit for purpose. This 
is supported by the RSD vs. Hotelling’s T2 test (Figure 48), which showed high RSD 
values for scans one, six and 15, but no outliers. This suggested, in conjunction with 
daily photometric and performance testing, the instrument was functioning well and 
within specifications. 
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Figure 48- RSD vs. Hotelling's T2 test for NIST CRM Coal fly ash spectra 
collected throughout the project 
4.2.2 Band allocation 
When investigating materials by spectroscopic techniques, it is prudent to obtain a 
thorough understanding of the spectra. This can aid in the identification of specific 
compounds and interactions which are providing spectral responses within the 
sample, thereby providing a solid foundation upon which assumptions and 
predictions about the functionality of a potential calibration can be based. 
Although NIR active bands are known for being broad and complex, a 
comprehensive band assignment investigation is possible when the spectrum is 
processed with a derivative treatment. The simplest of these to analyse is the second 
derivative, which produces sharp bands that identify subtle changes in the gradient of 
the spectrum. Unfortunately, this treatment is not without its problems; converting 
the spectrum to the second derivative can also increase the noise present in the 
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original spectrum and create spurious peaks, called lobes, either side of a genuine 
‘peak’. The prevalence of the lobes and noise can be reduced by incorporating a 
simple smoothing algorithm into the derivative calculation. In this project, smoothing 
was accomplished by calculating the average rate of change over a spread of 20 
adjoining data points, or 10 nm (discussed in Section 4.2.4). Further, by overlaying 
the second derivative spectrum on the original raw spectrum, a visual comparison 
between the two can be made at each inflection to confirm whether each peak is real 
or an artefact. For this analysis, a representative mud and ash sample were 
transformed to the second derivative and overlaid with their respective raw spectra.  
Section 4.1 identified several compounds that were present in the mud and ash 
materials. Each of these compounds will absorb differently in the NIR wavelength 
region based on their chemical functionality and sample matrix environments. As a 
result, the second derivative spectra of the samples identify very intricate patterns of 
activity in the NIR region. Ideally, an investigation of the compounds and functional 
groups present allow for a comprehensive band allocation rationale to be proposed.  
This section will examine the mud and ash samples separately, firstly identifying 
compounds known and expected to be present in each sample type. This will allow 
the active functional groups to be observed in their respective molecular 
environments. Secondly, the overtone and combination vibrations of each of the 
functional groups will be identified in the NIR spectra. 
Mud samples 
Mud samples are a complex mixture of organic compounds in a moist and slightly 
basic environment. Due to its status a by-product of the clarification process, little 
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attention has been given to fully quantifying the materials present in mud samples. 
However, through deductive reasoning and knowledge of the products added ‘up-
stream’ in the milling train, we can surmise the most likely, major compounds 
present in the mud material. They include: cellulosic (Figure 49) and hemicellulosic 
material (Figure 50), sucrose (Figure 51), proteins (Figure 52), waxes (Figure 53), 
phosphates (Figure 54), and lignin (Figure 55). These compounds include chemical 
functional groups such as aldehydes, alkanes, alkenes, amides, amines, pyrolidines, 
ethers, alcohols, acetals, phenolics, ketones, esters, and phosphates. 
The high moisture content of the wet mud samples results in the water-active bands 
completely swamping the other vibrations found in the NIR spectrum. Therefore, in 
an effort to better visualise the other vibrations, a dried mud sample was used for the 
band analysis. This simply reduces the water content and may result in a slight 
wavelength shift for some vibrations. However, the improved resolution for the 
organic interactions makes this a worthwhile process. The dry second derivative 
spectrum is overlaid with a dry, raw spectrum to show the linkages between the two 
spectra. 
The proposed band assignments for the mud samples can be found in Table 23 and 
Figure 56. 
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Figure 49- Cellulose                                               Figure 50- Hemicellulose 
 
Figure 51- Sucrose                                                Figure 52- Protein 
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Figure 53- Wax present in mill mud [172]                  Figure 54- Phosphate 
 
Figure 55- Lignin 
 
  
Table 23- Suggested band assignments for mud samples (* refers to compounds directly attributed to the indicated vibration) 
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Possible compound 
1170 
1170 C-H stretch, 2nd overtone [173] Lignin* 
1170-1180 C-H  anti-symmetric stretch, 2nd overtone [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1130-1170 C-H stretch, 2nd overtone [175] -CH2 Lignin, protein, wax, sucrose, cellulose 
1193 
1195 C-H stretch, 2nd overtone [173] -CH3 Lignin, protein, wax 
1190-1200 C-H symmetric stretch, 2nd overtone [174] -CH3 Lignin, protein, wax 
1185-1195 C-H stretch, 1st overtone [174] -CH Lignin, sucrose, cellulose, protein 
1150-1240 C-H stretch, 2nd overtone [175] carbonyl Lignin, wax, protein 
1218 
1215 C-H stretch, 2nd overtone [173] -CH2 Lignin, protein, wax, sucrose, cellulose 
1200-1210 C-H symmetric stretch, 2nd overtone [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1200-1310 Unknown absorber in most amino acids [175] Protein 
1230-1300 O-H stretch, 2nd overtone [175] P-OH Phosphoric acid* 
1362 
1360 C-H combination [173] -CH3 Lignin, protein, wax 
1355-1365 2xC-H stretch/C-H bend combination [174] -CH3 Lignin, protein, wax 
1390 
1410 O-H stretch, 1st overtone [173] Lignin* 
1370-1390 O-H stretch, 1st overtone [175] Primary -OH Lignin, cellulose, sucrose 
1395 C-H combination [173] -CH2 Lignin, protein, wax, sucrose, cellulose 
1390-1400 C-H combination [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1420 
1417 C-H stretch combination [173] Lignin* 
1417 C-H stretch combination [173] Aromatic Lignin, protein 
1410-1420 2x C-H stretch/C-H bend combination [174] Aromatic  Lignin, protein 
1410-1420 2x C-H stretch/C-H bend combination [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1420 O-H stretch, 1st overtone [173] Lignin* 
1420 O-H stretch, 1st overtone [173] Ar-OH Lignin 
1380-1400 O-H stretch, 1st overtone [175] Phenol Lignin 
1395-1425 O-H stretch, 1st overtone [174] Free -OH Lignin, sucrose, cellulose, phosphoric acid 
  
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Possible compound 
1435 
1440 C-H stretch combination [173] Lignin* 
1440 C-H combination [173] -CH2 Lignin, protein, wax, sucrose, cellulose 
1440-1450 2x C-H stretch/C-H bend combination [174] Aromatic Lignin, protein 
1470 
1450 C=O stretch, 3rd overtone [173] C=O Lignin, wax, protein 
1460-1490 C=O stretch, 3rd overtone [175] α-β unsat. aldehyde Wax, lignin 
1460-1510 N-H stretch, 1st overtone [174] Free -CONH- Protein 
1500 
1490 O-H stretch, 1st overtone [173] Cellulose* 
1510 N-H stretch, 1st overtone [173] Protein* 
1500-1520 N-H anti-symmetric stretch, 1st overtone [174] -NH2 Protein 
1490-1510 N-H stretch, 1st overtone [175] -NH2 Protein 
1490-1545 N-H stretch, 1st overtone [174] -NH- Protein 
1542 1520-1540 N-H symmetric stretch, 1st overtone [174] -NH2 Protein 
1589 
1560-1670 N-H deformation Amide II coupled with C-H stretch 3
rd overtone secondary 
amide especially peptides [175] -CONH- Peptides* 
1520-1620 H- bonding peptide links, protein helices, 1st overtone  [175] Protein* 
1630 
1530-1670 H- bonded, 1st overtone [174] -CONH- Protein 
1600-1630 N-H stretch, 1st overtone [175] -CONH- Protein 
1669 1685 C-H stretch 1st overtone [173] Lignin* 
1690 
1695+1705 C-H stretch, 1st overtone [173] -CH3 Lignin, protein, wax 
1685 C-H stretch, 1st overtone [173] Aromatic Lignin, protein 
1680-1690 C-H stretch, 1st overtone [174] Aromatic Lignin, protein 
1620-1650 C-H stretch, 1st overtone [175] Aromatic Lignin, protein 
1675-1695 C=C stretch, 1st overtone [174] C=C Lignin, wax, protein 
1730 
1725 C-H stretch, 1st overtone [173] -CH2 Lignin, protein, wax, sucrose, cellulose 
1735-1750 C-H anti-symmetric stretch, 1st overtone [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1700-1760 C-H stretch, 1st overtone [175] -CH2 Lignin, protein, wax, sucrose, cellulose 
  
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Possible compound 
1730 
cont. 
1700-1730 C-H anti-symmetric deformation, 3rd overtone [175] -CH2 Lignin, protein, wax, sucrose, cellulose 
1710-1730 C-H anti-symmetric stretch, 1st overtone [174] -CH3 Lignin, protein, wax 
1680-1740 C-H stretch, 1st overtone [175] -CH3 Lignin, protein, wax 
1720-1860 C-H stretch, 1st overtone [175] Carbonyl Lignin, wax, protein 
1761 
1755-1775 C-H stretch, 1st overtone [174] -CH Lignin, sucrose, cellulose, protein 
1765 C-H stretch, 1st overtone [173] -CH2 Lignin, protein, wax, sucrose, cellulose 
1770-1785 C-H symmetric stretch, 1st overtone [174] -CH3 Lignin, protein, wax 
1797 
1780 C-H stretch, 1st overtone [173] Cellulose* 
1780-1795 C-H symmetric stretch, 1st overtone [174] -CH2 Lignin, protein, wax, sucrose, cellulose 
1780 C-H stretch/HOH deformation combination [173] Cellulose* 
1820 1820 O-H stretch/C-O stretch 2nd overtone combination [173] Cellulose* 
1844 1840-1870 C-N stretch, 3rd overtone [175] -CONH- Protein* 
1862 1810-1970 Unknown absorber in most amino acid [175] Protein 
1886 1850-1880 C-H deformation, 3rd overtone [175] -CH Lignin, sucrose, cellulose, protein 
1910 
1908 O-H stretch, 1st overtone [173] P-OH Phosphoric acid* 
1900-1910 O-H stretch, 1st overtone [174] P-OH Phosphoric acid* 
1850-1950 O-H stretch, 1st overtone [175] P-OH Phosphoric acid* 
1900 C=O stretch, 2nd overtone [173] -COOH Protein 
1890-1920 2x C=O stretch, 2nd overtone [174] -COOH Protein 
1930 
1930 O-H stretch/O-H deformation combination [173] Cellulose* 
1910-1930 N-H stretch, 2nd overtone [174] -CONH- Protein 
1950 1950-1990 C=O stretch, 2nd overtone [175] α-β unsat. aldehyde Wax, lignin 
1980 
1980 N-H anti-symmetric stretch/Amide II combination [173] CONH2 Protein 
1970-2010 N-H stretch/N-H bend combination [174] -NH2 Protein 
1990-2010 N-H stretch/amide combination [174] -CONH- Protein 
2056 2050 N-H/Amide II (CONH) or N-H/Amide III or combination (CONH2)  [173] CONH or CONH2 Protein 
  
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Possible compound 
2056 
cont. 
2055 N-H symmetric stretch/Amide I combination [173] Protein* 
2060 N-H bend, 2nd overtone or N-H bend/N-H stretch combination [173]  Protein* 
2080-2220 N-H deformation Amide II coupled with C-H stretch 2
nd overtone secondary 
amide especially peptides [173] -CONH- Peptides* 
2060-2090 O-H stretch/O-H bend combination [174] Free –OH Lignin, sucrose, cellulose, phosphoric acid 
2106 
2100 C-O-O asymmetric stretch, 3rd overtone [173] Cellulose* 
2060-2150 C-O/O-H stretching combination [175] primary -OH Lignin, sucrose, cellulose, phosphoric acid 
2100-2120 N-H stretch/Amide combination [174] -CONH- Protein 
2140 2135-2145 =C-H stretch/C=C stretch combination [174] C=C Lignin, wax, protein 
2168 
2180 N-H bend, 2nd overtone [173] Protein* 
2180 C-H stretch/C=O stretch combination [173] Protein* 
2180 C=O stretch/Amide III combination [173] Protein* 
2150-2170 2x amide/amide combination [174] CONH Protein 
2209 
2200 C-H stretch/C=O stretch combination [173] -CHO Lignin* 
2190-2210 C-H stretch/C=O stretch combination [174] CHO aldehyde Wax, lignin 
2265 
2270 [173] Lignin* 
2270 O-H stretch/C-O stretch combination [173] Cellulose* 
2260-2300 C-H anti-symmetric deformation, 2nd overtone [175] -CH2 Lignin, protein, wax, sucrose, cellulose 
2275-2285 C-H stretch/C-H bend combination [174] -CH3 Lignin, protein, wax 
2300 2300 C-H bend, 2nd overtone [173] Protein* 
  
 
Figure 56- Raw and second derivative spectra of dry mud sample showing suggested band assignments 
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Ash 
As has been identified in the preceding sections, ash samples are composed mostly of 
inorganic minerals and fine bagasse components, present as bagacillo. The XRD 
patterns in Section 3.5 identified quartz and feldspar to be the minerals present in the 
sample. As none of these materials have organic components, they are not detectable 
by NIR spectroscopy. However, molecular or included water in the crystal structure 
may be observable. As bagacillo is a plant-based material we can expect to see 
cellulosic (Figure 49) and hemi-cellulosic material (Figure 50), lignin (Figure 55), 
and sucrose (Figure 51) in small quantities. Further, as the moisture content of ash is 
much lower than mud, and the organic contributors in the sample are less, this band 
analysis will be performed on the wet samples. This will allow some investigation 
into the effect of water in the sample, without completely swamping the other useful 
information that is present. It can be expected that the water will behave similarly in 
the mud samples.   
The wet second derivative spectrum is overlaid with a wet, raw spectrum to show the 
links between the two spectra. 
The proposed band assignments for the ash samples can be found in Table 24 and 
Figure 57. 
  
Table 24- Suggested band assignments for ash samples (* refers to compounds directly attributed to the indicated vibration) 
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Compound 
1135 1135 ν1 + ν2+ ν3 combination [176] H2O Water* 
1155 1150 ν1 + ν2 + ν3 combination [177] H2O Water* 
1358 
1350 ν1 + ν2 + ν4 combination [177] H2O Water* 
1380 ν1 + ν3 combination [176] H2O Water* 
1360 C-H combination [178] -CH3 Lignin 
1360 C-H combination [173] -CH3 Lignin 
1355-1365 2xC-H stretch/C-H bend combination (B) -CH3 Lignin 
1410 
1410 O-H stretch, first overtone [176] Hydroxyl Water* 
1410 Non-hydrogen bonded O-H stretch, first overtone [178] Hydroxyl Water* 
1395-1425 Free O-H stretch, first overtone (B) -OH Water* 
1412 S0 - Free O-H stretch [177] -OH Water* 
1463 
1440 ν1 + ν3 combination [177] H2O Water* 
1450 O-H stretch (2ν1 + ν3), first overtone [179] H2O Water* 
1454 2ν1 + ν3 [176] H2O Water* 
1466 S1 - Singularly H-bonded O-H stretch [177] H2O Water* 
1450-1460 O-H stretch, first overtone (B) H2O Water* 
1435-1480 Intermolecularly H-bonded O-H stretch, first overtone (B) -OH Water, lignin, sucrose, cellulose 
1515 
1500-1595 Intramolecularly H-bonded O-H stretch, first overtone (B) -OH Water, lignin, sucrose, cellulose 
1510-1540 O-H deformation, third overtone [175] Hydroxyl Water* 
1510 S2 - Doubly H-bonded O-H stretch [177] H2O Water* 
1681 
1685 C-H stretch, first overtone [178] Aromatic Lignin 
1685 C-H stretch, first overtone [173] Aromatic Lignin 
1680-1690 C-H stretch, first overtone (B) Aromatic Lignin 
  
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Compound 
1681 
cont. 
1620-1650 C-H stretch, first overtone [175] Aromatic Lignin 
1685 C-H stretch, first overtone [173]  Lignin* 
1695 C-H stretch, first overtone [173] -CH3 Lignin 
1675-1695 C=C stretch, first overtone (B) C=C Lignin 
1706 
1705 C-H stretch, first overtone [178] -CH3 Lignin 
1705 C-H stretch, first overtone [173] -CH3 Lignin 
1680-1742 C-H stretch, first overtone [173] -CH3 Lignin 
1710-1730 C-H asymmetric stretch, first overtone (B) -CH3 Lignin 
1731 
1727 C-H anti-symmetric stretch, first overtone [178] -CH2 Lignin, sucrose, cellulose 
1725 C-H stretch, first overtone [173] -CH2 Lignin, sucrose, cellulose 
1700-1760 C-H stretch, first overtone [175] -CH2 Lignin, sucrose, cellulose 
1735-1750 C-H anti-symmetric stretch, first overtone (B) -CH2 Lignin, sucrose, cellulose 
1720-1860 C-H stretch, first overtone [175] Carbonyl Lignin 
1761 
1762 C-H symmetric stretch, first overtone [178] -CH2 Lignin, sucrose, cellulose 
1765 C-H stretch, first overtone [173] -CH2 Lignin, sucrose, cellulose 
1780 
1790 ν2 + ν3+ ν4 combination [177] H2O Water 
1780 C-H stretch, first overtone [173] Cellulose* 
1780 C-H stretch, first overtone [178] -CH2 Lignin, sucrose, cellulose 
1780-1795 C-H symmetric stretch, first overtone (B) -CH2 Lignin, sucrose, cellulose 
1720-1860 C-H stretch, first overtone [175] Carbonyl Lignin 
1771-1790 C-H in phase deformation, third overtone [175] -CHO Lignin 
1780 C-H stretch/HOH deformation combination [175] Cellulose* 
1904 
1908 S0 - Free O-H stretch [180] H2O Water* 
1875 ν2+ ν3 [176] H2O Water* 
  
Peak 
(nm) 
Suggested band assignment 
Region 
(nm) Bond vibration Structure Compound 
1932 
1932 S1 - Singularly H-bonded O-H stretch [180] H2O Water* 
1930 ν2+ ν3 [177] H2O Water* 
1940 O-H stretch/O-H bend combination (2 ν1+ ν3 + ν2) [179] H2O Water* 
1930-1940 O-H stretch/O-H bend combination (B) H2O Water* 
1923 OH stretch/O-H deformation combination [178] Molecular H2O Water* 
1930 O-H stretch/O-H deformation combination [175] Cellulose* 
1958 
1940 O-H stretch/H-O-H bend combination [178] H2O Water* 
1950-1990 C=O stretch, second overtone [175] α-β unsat. aldehyde Lignin 
1980 1974 S2 - Doubly H-bonded O-H stretch [180] H2O Water* 
2064 
2060-2090 O-H stretch/O-H bend combination (B) Free-OH Water, lignin, sucrose, cellulose 
2000-2090 O-H deformation, second overtone [175] Hydroxyl Water* 
2110 
2096 O-H deformation (3δ of MIR band) [178] H2O Water* 
2100 C-O-O anti-symmetric stretch, third overtone [173] Cellulose* 
2146 
2060-2150 C-O stretch/O-H stretch combination [175] Primary -OH Lignin, sucrose, cellulose 
2130-2145 =C-H stretch/C=C stretch combination (B) C=C Lignin 
2176 
2170 C-H stretch/C-H deformation combination [178] C=C Lignin 
2170 C-H anti-symmetric stretch/C-H deformation combination [173] C=C Lignin 
2206 
2200 C-H stretch/C=O stretch combination [173] -CHO Lignin* 
2190-2210 C-H stretch/C=O stretch combination (B) -CHO Lignin 
2000 C-H stretch/C=O stretch combination [178] -CHO carbohydrate Lignin 
2230 2220-2380 C-O stretch, third overtone [175] Primary -OH Lignin, sucrose, cellulose 
2283 
2260-2300 C-H anti-symmetric deformation, second overtone [175] -CH2 Lignin, sucrose, cellulose 
2275-2285 C-H stretch/C-H bend combination (B) -CH3 Lignin 
 
  
 
Figure 57- Raw and second derivative spectra of wet ash sample showing suggested band assignments
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4.2.3 Wavelength selection 
Current BSES-developed applications involving NIR calibrations for sugarcane 
products operate within quite small wavelength ranges which are optimised to the 
material of interest. An example of this is the Cane Analysis System (CAS), 
developed for online sugar mill applications, in which the moisture regions have 
been removed. CAS calibrations operate within the following bounds: 1110-
1370 nm, 1410-1480 nm and 1660-1852 nm. Due to the indirect measurement of the 
nutrients being investigated for this project, the overtone bands of interest reside 
throughout the NIR spectrum (Section 4.2.2). Therefore, the removal of moisture 
regions from the spectra to develop similar calibrations for mud samples would lead 
to the loss of pertinent data. Most notable would be information regarding silicates 
and phosphates, which vibrate in the 1810-2200 nm region; typically removed due to 
the interference of water.  
The ‘proof of concept’ nature of this investigation allowed for the whole region of 
1150-2300 nm to be included for all calibrations, providing consistency of approach 
for the different nutrient calibrations. If successful, the wavelength selection can be 
optimised in the future to reduce the size of the datasets required for each nutrient 
calibration. The spectra were cut off at 2300 nm due to the large amount of noise 
present in the region above this, due to the detector reaching its upper limit. The 
beginning of the spectrum, 1130 nm was selected with the hope of removing residual 
effects from the detector changeover without losing important C-H information. An 
examination of a raw spectrum for a mud sample (Figure 58) and an ash sample 
(Figure 59) spanning the whole collection region of 400-2500 nm, clearly shows a 
sharp change in absorbance at 1100 nm due to the detector changeover. 
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Figure 58- Representative mud sample spectrum 400-2500 nm 
 
Figure 59- Representative ash sample spectrum 400-2500 nm 
It was also noted there was a small peak like aberration at around 1110 nm, which 
was present in the spectra of both materials but was particularly obvious in the ash 
samples. It was proposed this was a small residual caused by the detector changeover 
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and was not fully baseline corrected during the reference scan. In order to investigate 
further, two approaches were taken. Firstly, the reference scan was analysed to 
determine if the aberration was present (Figure 60). The reference scan showed a 
small ‘peak’ at 1110 nm of similar shape to that previously observed. This suggested 
the peak was not a result of C-H bonding in the sample, but rather, imperfect baseline 
correction by the instrument and should be removed from the wavelength range for 
the calibration. 
 
Figure 60- Reference spectrum Foss NIRSystems XDS 
Secondly, a select few samples were analysed using an FT-NIR instrument. The 
variable detectors available on the Nicolet Nexus FT-NIR instrument allowed 
optimisation within the region of interest, 1000-1200 nm. The available silicon 
detector is effective in the range 666-1666 nm and was suitable for testing the region 
of interest. Analysis of this region showed no activity and further supported the 
conclusion that the small peak observed at 1110 nm is a residual from the detector 
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changeover and that this region should be removed from the calibration. Therefore, a 
spectral range of 1130-2300 nm was used for all NIR calibrations constructed. 
4.2.4 Pre-treatment analysis 
Near infrared reflectance spectroscopy relies on the absorption and diffuse scattering 
of light for its response variable. This response can then be related to Beer’s Law to 
extract concentration profiles from the sample.  
ܣ ൌ ߝܾܿ 
where, A is absorbed light, ε is the molar path absorptivity in L/cm.mol, b is the 
path length in cm, and c is the concentration of the absorbing analyte in mol/L 
Beer’s Law, however, requires a few assumptions that are not fulfilled during the 
analysis of agricultural samples with NIR reflectance spectroscopy. Instrumental 
differences, temperature and highly absorbing samples, not to mention the method of 
measurement (reflectance rather than transmission), all contribute towards non-
linearity and are corrected with the use of the log (1/R) transform. This 
transformation is so commonly used it is often not qualified, however, it does not 
correct for particular and scattering effects derived from the sample. 
A second cause for non-linearity when using reflectance spectroscopy arises when 
the physical nature of the sample disrupts the path length. Even when thoroughly 
ground, it is unlikely that agricultural samples are optically homogenous; as moisture 
droplets, air pockets and differing particle size distributions all affect the scattering 
of the light in a way that is unique even to the re-pack of the sample. Scattering 
effects can be both additive, which result in absorbance shifts, and multiplicative, 
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which result in non-unity [79]. Removing these effects prior to calibration 
development is crucial, as in their raw state, the spectra are dominated by physical 
spectral responses rather than chemical responses. Correction through pre-treatment 
allows the concentration data to be extracted from the spectral data through better 
compliance with Beer’s Law. 
There are several methods and techniques available for spectral pre-treatment; 
however, only four will be discussed in this thesis. They are derivatisation, Savitzky-
Golay derivatisation, multiplicative scatter correction (MSC), and standard normal 
variate (SNV). For comparison, the spectra for the raw mud samples are illustrated in 
Figure 61. 
 
Figure 61- Untreated mud spectra 
Derivatisation is a technique commonly employed to remove additive effects and 
reduce baseline drifting (second derivative). Further, derivatives can improve the 
resolution and ease of interpretation of the spectral data. Derivatives can be 
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calculated to any order; however, first and second derivatives are the most commonly 
used for multivariate spectral data. The first derivative calculates the slope of the 
original spectrum, whereas the second derivative calculates the change in slope of the 
original spectrum.  
݀ݕ
݀ߣ ൌ
ݕ௜ାଵ െ ݕ௜ିଵ
2∆ߣ  
݀ଶݕ
݀ଶߣ ൌ
ݕ௜ାଵ െ 2ݕ଴ ൅ ݕ௜ିଵ
∆ߣଶ  
where dy/dλ refers to the first derivative, d2y/d2λ refers to the second derivative, 
and y refers to the spectral intensity or absorbance 
When interpreting derivatised spectra, it is important to identify the peak shapes have 
changed from those presented in the raw spectrum. On a first derivative spectrum, 
the raw peak maximum is found at the zero point of the absorbance, while for a 
second derivative spectrum, it is found at the trough of the peak. Further, care must 
be taken when interpreting second order and higher derivatives as spurious lobes can 
appear either side of the true peaks, which do not relate to chemical information 
(Figure 62). 
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Figure 62- Raw, first, and second derivative mathematical 
treatments 
When calculating a basic derivative, noise present in the spectral data can be 
amplified by identifying insignificant changes between two consecutive data points. 
This is often overcome in spectral analysis by including segments and gaps in the 
calculation to smooth the data. A segment refers to the range or number of data 
points over which the change is measured, and the gap refers to the range or number 
of data points between segments. The larger the segments and gaps used, the 
smoother the output data. Ultimately, poor segment and gap size selection can 
completely remove valuable information contained in the spectrum. Therefore, a 
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segment of 10-20 nm and a gap of 0 nm are commonly recommended. For this 
project, all spectra treated with a basic derivative function were calculated as a 
moving average with a segment of 10 nm (20 data points) and a gap of 0 nm, 
according to the equations shown previously. First and second derivative spectra for 
all mud samples used in this project are shown in Figures 63 and 64 to highlight the 
spectral differences between the various treatments, and the original spectra. 
 
Figure 63- First derivative mill mud spectra 
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Figure 64- Second derivative mill mud spectra 
Alternatively, a Savitzky-Golay derivative treatment can be applied which 
effectively smooths the data as it computes the derivative by performing a least 
squares fit of a polynomial to a spectral segment; detailed mathematics of the 
treatment can be found in the original paper by Savitzky and Golay [75]. This 
smoothing function requires several parameters to be set by the user; they are, 
segment size, polynomial order (zero, first, second), and output type (smooth, or 
first, second, third derivative). For this project, all spectra transformed with the 
Savitzky-Golay technique were performed by a quadratic function across 25 nm (50 
data points) to achieve a first or second derivative and will be identified by the 
abbreviations SG1 (first derivative Savitzky-Golay treatment) and SG2 (second 
derivative Savitzky-Golay treatment). Figures 65 and 66 show the results of 
Savitzky-Golay treatment on the full set of mud calibration samples. 
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Figure 65- Savitzky-Golay first derivative mill mud spectra 
 
Figure 66- Savitzky-Golay second derivative mill mud spectra 
The third spectral pre-treatment mentioned previously was MSC. Multiplicative 
scatter correction was developed by Geladi et al. [71]; and whilst originally intended 
to improve the multiplicative effects of light scatter, it also corrects for additive 
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effects. The goal of MSC was to identify the difference between absorption and 
scatter by estimation of an ideal sample. Obviously ideal or ‘pure’ samples are 
impossible to obtain in the agricultural industry, so an average of all spectra in the 
dataset was used instead. Each sample spectrum is then regressed on the ideal 
spectrum, yielding a liner equation with a defined slope and intercept. The intercept 
is the subtracted from the spectrum at each data point and divided by the value of the 
slope ([71]).  
ܺ ൌ ܽ ൅ ܾ തܺ ൅ ܧ 
where, X represents the NIR reflectance spectrum, X̅ represents the ideal 
spectrum (the average spectrum), and E is the residual, and ideally represents 
the chemical information of X. a and b are estimated by least squares over the 
different wavelengths, yielding â, b̂, and Ê. The corrected spectrum, X2 is 
calculated by, 
Xଶ ൌ ሺX െ aሻ
෡
b෠ ൌ Xഥ ൅
E෡
b෠  
Because the MSC treatment utilises an average spectrum of the dataset, care must be 
taken to re-calculate the spectra each time a dataset changes. Further, an average 
spectrum must be stored within the software to allow for the regression of new, 
unknown samples in the future.  
Standard normal variate is a scatter correction method which standardises each 
spectrum against itself to remove any offsets that are present and correct for 
horizontal baseline shift. The transformation works by subtracting the mean of a 
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single spectrum from itself and dividing each data point by the standard deviation of 
the spectrum. 
ௌܺே௏ ൌ ሺܺ௥௔௪ െ
തܺ௥௔௪ሻ
ߪ௥௔௪  
The data, therefore, is centred and scaled according to itself and has zero mean and a 
variance equal to one [79]. As this treatment is exclusive to each sample (spectrum) 
as a discrete entity, the values do not need to be recalculated with every change of 
the calibration and/or validation set. Further, a mean spectrum does not need to be 
stored with the calibration for the prediction of new samples, as is required for the 
correct operation of MSC.  
Multiplicative scatter correction and SNV methods are often combined with a 
derivative treatment for their collective benefit. This produces spectra which are 
clearly defined, with straight baselines, and show absorbances that reflect chemical 
characteristics of the sample rather than its physical characteristics and scatter 
effects. Examples of these spectral pre-treatments are illustrated below; each figure 
includes all of the mud spectra used for this project (Figures 67-70). Treatment by 
MSC will be identified by the abbreviations MSC1 (multiplicative scatter correction 
first derivative), and MSC2 (multiplicative scatter correction second derivative). 
Treatment by SNV will be identified by the abbreviations 1SNV (first derivative, 
standard normal variate), and 2SNV second derivative, standard normal variate). 
Preliminary investigation of wet 
chemistry and NIR data
 
 
Rapid nutrient determination of sugarcane milling by-products 
using near infrared spectroscopy 141 
 
 
Figure 67- Multiplicative scatter correction, first derivative mill mud spectra 
 
Figure 68- Multiplicative scatter correction, second derivative mill mud spectra 
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Figure 69- First derivative, standard normal variate mill mud spectra 
 
Figure 70- Second derivative, standard normal variate mill mud spectra 
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5.0 CHAPTER FIVE 
CALIBRATION CONSTRUCTION AND VALIDATION 
This chapter will discuss the construction and selection of the most appropriate 
calibrations for the quantitation of carbon, nitrogen, phosphorus, potassium, and 
silicon levels in mud and ash samples. 
As mentioned in Section 4.0, the by-products will be examined separately. Section 
4.2.4 identified six pre-treatment methods that are effective for use with these sample 
types. Each pre-treatment method will be assessed for the ability to enhance the 
nutrient information of each by-product, resulting in 50 calibrations. 
The construction and development process will be discussed in three parts: sample 
selection, construction and prediction. A selection of the most appropriate calibration 
for each nutrient will be made based on the statistical data provided by the three 
processes and the suitability of the pre-treatments.  
5.1 Sample selection 
The sample selection process considers two factors which may negatively influence 
the calibration; outliers and data distribution, and identifies an optimum dataset for 
the subsequent construction and validation steps. For this analysis, spectral outliers 
were identified by performing a principal component analysis within the Vision 
software (supplied with the FOSS instrument) and applying a 99% confidence 
interval (CI) (0.99 probability level) using Mahalanobis distance from the centre of 
the distribution in multi-dimensional space. A 99% CI was deemed more appropriate 
than the default 95% CI. The 95% CI identified multiple outliers for the mud and ash 
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datasets, which were unexpected and prompted further investigation. A visual 
inspection of the treated spectra did not highlight the reason for specific samples to 
be detected as outliers (Figure 71). However, inspection of the PCA plot identified 
the likely cause of the outlier selection (Figure 72). The plot illustrates virtually all of 
the variance in the dataset exists on PC1 (99%) and shows the scores sitting almost 
perfectly along a straight line. This is an atypical presentation and is most probably a 
result of the difference in moisture content of the two sample types swamping any 
subtle variation in spectral response due to chemical activity. This effect, combined 
with a very small dataset illustrates the lack of a true normal distribution and the 
impact on the CI calculation.  
 
Figure 71- Treated spectra of mud sample spectral data showing outliers in grey (95% CI) 
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Figure 72- PCA scores plot of mud sample spectral data showing outliers in grey (95% CI) 
The Mahalanobis distance represented by 95 % from the centre of the line did not 
account for the full spread of the data to be included; and suggested that the terminal 
points were outliers. It is almost certain that the few scores on either end of the line 
are not true outliers, as they show no extreme variance from the other scores. 
Application of a 99 % CI expanded the accepted group to include these scores and 
when considered with the other known information and observations, produced a 
more likely outlier subset. 
Another option within the software is to identify and remove samples located in 
high-density areas to more-closely resemble a boxcar distribution of data. These are 
called redundant samples and are selected by an iterative process which measures the 
Euclidian distance between scores and removing those which reside within a user-
defined threshold. This is based on the CENTRE and SELECT methodology of 
Shenk and Westerhouse [100, 101], which considers nearest neighbours to be 
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representative of each other. For this analysis, redundant spectra were not identified 
due to the small dataset; it is unlikely that all possible variation is accounted for, and 
there are a number of samples which will not contribute information to the 
calibration. Also, the data already represents a near-boxcar distribution due to the 
lack of a normal data distribution. However, if the NIR technique is considered to be 
effective for nutrient determination in mud and ash samples, future calibrations 
should employ this methodology as the dataset expands to ensure an even 
distribution of data and to optimise the introduction of new ‘maintenance’ samples to 
the set. 
Using the 99 % CI, the only calibration to contain an outlier was ash, first 
derivative/standard normal variate. The outlier was identified as sample 2456A, and 
was removed from this calibration. All other calibrations were built with all samples. 
5.2 Construction 
Calibrations were constructed using the PLS 1 technique described in Section 2.0. 
Cross validation was performed using the leave one out principle where each sample, 
one at a time, is removed from the calibration dataset and a new calibration is 
constructed, upon which this sample is predicted. This technique is the most 
appropriate for small datasets and provides a representative standard error of cross 
validation (SECV), one of several statistics used to judge the potential quality and 
performance of a calibration. Other statistical measures commonly employed are 
standard error of calibration (SEC), coefficient of determination (R2) and predicted 
residual error sum of squares (PRESS). The ultimate goal of this step is to identify 
the number of factors that will provide enough representative information, whilst 
excluding redundant information, to allow a robust model to be built.  
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Several criteria were considered when deciding the number of factors upon which to 
build the calibrations. The aim was to minimise the number of factors, SEC, PRESS 
and SECV whilst maximising the R2 value. Further, the calibration plot of the 
calculated versus actual data was observed to ensure an appropriate spread of the 
data. An R2 value of over 0.7 was the target for each calibration.  
A general rule describing factor selection is to carry through to the calibration the 
number of factors where the PRESS is at a minimum. As PRESS is a criterion of 
lesser importance, for this analysis it was used as a starting point; however, more 
weighting was applied to the number of factors and SECV. This often resulted in a 
factor being selected that was not at the PRESS minimum, but rather, near the 
minimum with less factors and a comparable SECV and SEC. This will allow for 
calibrations which validate effectively but will also be robust when predicting 
unknown samples.  
This process is illustrated in Table 25, which outlines the summary statistics for a 
mud sample calibration with 1SNV data treatment, analysing for carbon. The factor 
at which the PRESS is at a minimum is five. Investigation of the PRESS trend shows 
a significant drop between factors one through to three, but only a slight drop 
between three and five. Therefore, there is little additional gain in PRESS 
optimisation with the inclusion of factors four and five, suggesting three factors may 
be sufficient for this calibration. The drop in R2 from 0.911 to 0.889 is also minimal, 
as is the increase in SECV from 1.39 to 1.45. The difference in the calibration plot is 
also minimal and shows that the three factor calibration still represents the data well 
(Figures 73 and 74). These changes were considered to be acceptable losses in the 
  Chapter Five 
 
148 Queensland University of Technology Science and Engineering Faculty 
 
hope of obtaining a more robust calibration. Therefore the calibration was built using 
three factors instead of five. 
Table 25- Illustrating factor selection- calibration statistics for mud 1SNV carbon 
 R2 SEC PRESS SECV 
Factor 1 0.749 2.05 273 2.10 
Factor 2 0.841 1.64 227 1.91 
Factor 3  0.889 1.39 131 1.45 
Factor 4 0.910 1.26 127 1.43 
Factor 5 0.911 1.26 120 1.39 
Factor 6 0.923 1.19 123 1.41 
Factor 7 0.931 1.13 130 1.45 
Factor 8 0.950 0.978 150 1.55 
Factor 9 0.962 0.859 146 1.53 
Factor 10 0.968 0.800 133 1.47 
Factor 11 0.978 0.668 137 1.49 
Factor 12 0.982 0.610 147 1.54 
Factor 13 0.986 0.540 161 1.61 
Factor 14 0.988 0.510 163 1.62 
Factor 15 0.990 0.459 162 1.61 
Factor 16 0.993 0.397 184 1.72 
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Figure 73- Illustrating factor selection- calibration plot for mud 1SNV carbon with five factors 
 
Figure 74- Illustrating factor selection- calibration plot for mud 1SNV carbon with three factors 
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5.3 Prediction 
The prediction procedure is performed using the calibration selected and constructed 
in the previous step. It involves the introduction of new samples, unseen during the 
construction step, to be predicted by the calibration. By knowing the concentration 
data of these samples, a new statistic can be determined; the standard error of 
prediction (SEP). The SEP is a measure of the ability of the calibration to effectively 
determine the concentration data of true unknown samples. The prediction step also 
allows for a bias and slope adjustment, giving rise to a further statistic, the corrected 
SEP (SEP(c)). Each of these statistics can be compared with one another to illustrate 
the effective performance of a calibration. Typically for good performance, it is 
expected that the SEP(c) will be no larger than 1.3x SEC (1.6x in an infant 
calibration), that the bias is no greater than 0.6x SEC, that the SECV and SEC, and 
SEP and SD (of concentration data) are comparable, and that the SEP and/or SECV 
are less than twice the standard error of the laboratory [173, 181]. 
As this analysis involves a very small dataset and is a proof of concept exercise only, 
the bias and slope adjustments and their respective statistics are neither appropriate 
nor valid and cannot accurately represent the performance of the calibrations. 
Therefore, bias and slope adjustments will not be made or commented on for any of 
the calibrations developed and comparisons will only be made on un-adjusted 
calibration statistics. 
The selection of samples for validation was performed by randomly selecting the A 
and B representatives of four mud samples (one being a composite) and two ash 
samples to total approximately 10 % of each dataset. The mud samples selected were 
2460, 2472, 2498 and 2502 (composite). The ash samples selected were 2486 and 
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2467. These validation sets are very small and will provide only a preliminary guide 
to the predictive power of the calibrations; however, this is acceptable for the proof 
of concept nature of this investigation. 
5.4 Summary of results 
For each by-product, multiple calibrations were built according to pre-treatment and 
nutrient using the methodology outlined in this chapter. Table 26 presents a summary 
of the statistical results. The summary includes the statistics discussed earlier, 
together with the RPD, the ratio of the standard error to the sample standard 
deviation. The RPD is defined as follows: 
ܴܲܦ௉ ൌ 	 ߪ௫ܵܧܲ 
where, RPDP represents the ratio of the standard error of prediction and standard 
deviation, or, 
RPDେ୚ ൌ ߪݔܵܧܥܸ 
where, RPDcv represents the ratio of the standard error of cross validation and 
standard deviation 
In the case of the RPDCV statistic, the RPD has been calculated using the SECV, 
which is representative of the potential predictive ability of the calibration. This error 
measurement was used instead of the SEP (RPDP), as the prediction step likely has 
too few samples to truly represent the predictive abilities of the calibrations. 
Calibrations derived from the mud samples and ash samples will be discussed 
separately. 
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Table 26- Summary of statistical results from all 50 calibrations prepared for nutrients from 
mud and ash products 
  Treatment Factor R2 SEC SECV SEP SEL STD RPD 
M
U
D
 S
A
M
PL
E 
C
A
L
IB
R
A
TI
O
N
S 
C
ar
bo
n 
1SNV 3 0.889 1.39 1.45 1.06 0.858 4.07 2.80 
2SNV 3 0.885 1.41 1.52 1.20 0.858 4.07 2.68 
MSC1 3 0.876 1.47 1.59 1.02 0.858 4.07 2.56 
MSC2 3 0.887 1.40 1.50 1.14 0.858 4.07 2.72 
SG1 7 0.908 1.31 1.57 1.90 0.858 4.07 2.59 
SG2 3 0.839 1.67 2.07 0.975 0.858 4.07 1.97 
N
itr
og
en
 
1SNV 4 0.902 0.0857 0.0900 0.114 0.0301 0.264 2.89 
2SNV 3 0.912 0.0804 0.0865 0.116 0.0301 0.264 3.01 
MSC1 3 0.878 0.0946 0.0999 0.120 0.0301 0.264 2.60 
MSC2 3 0.900 0.0841 0.0872 0.116 0.0301 0.264 2.98 
SG1 7 0.935 0.0726 0.0877 0.0878 0.0301 0.264 2.96 
SG2 3 0.890 0.0898 0.101 0.0998 0.0301 0.264 2.57 
Ph
os
ph
or
us
 
1SNV 3 0.734 0.142 0.152 0.0848 0.0735 0.269 1.77 
2SNV 2 0.747 0.138 0.151 0.0900 0.0735 0.269 1.79 
MSC1 4 0.759 0.137 0.144 0.0682 0.0735 0.269 1.88 
MSC2 3 0.756 0.137 0.148 0.0965 0.0735 0.269 1.82 
SG1 7 0.774 0.142 0.166 0.0773 0.0735 0.269 1.63 
SG2 3 0.736 0.142 0.167 0.0923 0.0735 0.269 1.62 
Po
ta
ss
iu
m
 
1SNV 3 0.934 0.0504 0.0542 0.0321 0.0143 0.191 3.51 
2SNV 3 0.936 0.0497 0.0552 0.0380 0.0143 0.191 3.44 
MSC1 4 0.937 0.0497 0.0554 0.0322 0.0143 0.191 3.43 
MSC2 3 0.937 0.0495 0.0558 0.0338 0.0143 0.191 3.41 
SG1 3 0.951 0.0433 0.0453 0.0406 0.0143 0.191 4.19 
SG2 3 0.955 0.0415 0.0459 0.0460 0.0140 0.191 4.14 
Si
lic
on
 
1SNV 3 0.874 1.44 1.52 1.80 1.07 3.97 2.61 
2SNV 3 0.889 1.36 1.48 1.50 1.07 3.97 2.68 
MSC1 3 0.883 1.39 1.47 1.56 1.07 3.97 2.70 
MSC2 3 0.894 1.33 1.45 1.22 1.07 3.97 2.73 
SG1 5 0.833 1.69 1.88 1.89 1.07 3.97 2.11 
SG2 3 0.820 1.73 1.98 2.09 1.07 3.97 2.01 
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  Treatment Factor R2 SEC SECV SEP SEL STD RPD 
A
SH
 S
A
M
PL
E
 C
A
L
IB
R
A
TI
O
N
S 
C
ar
bo
n 
1SNV 2 0.856 1.41 1.66 1.36 0.671 3.51 2.11 
2SNV 3 0.937 0.939 1.90 1.38 0.671 3.51 1.84 
MSC1 4 0.912 1.13 1.48 1.20 0.671 3.51 2.36 
MSC2 4 0.972 0.636 1.64 1.02 0.671 3.51 2.14 
N
itr
og
en
 
1SNV 4 0.885 0.0049 0.0080 0.0144 0.00565 0.0135 1.63 
2SNV 3 0.854 0.0054 0.0100 0.0143 0.00565 0.0135 1.30 
MSC1 5 0.877 0.0051 0.0105 0.0132 0.00565 0.0135 1.24 
MSC2 4 0.883 0.0049 0.0105 0.0133 0.00565 0.0135 1.24 
Ph
os
ph
or
us
 1SNV 6 0.828 0.0266 0.0574 0.0585 0.0228 0.0473 0.819 
2SNV 3 0.696 0.0291 0.0505 0.0405 0.0228 0.0473 0.931 
MSC1 6 0.796 0.0253 0.0719 0.0782 0.0228 0.0473 0.654 
MSC2 4 0.793 0.0889 0.211 0.0625 0.0228 0.0473 0.223 
Po
ta
ss
iu
m
 1SNV 4 0.701 0.0944 0.161 0.139 0.0651 0.148 0.920 
2SNV 4 0.808 0.0743 0.189 0.0944 0.0651 0.148 0.782 
MSC1 5 0.715 0.0923 0.245 0.267 0.0651 0.148 0.603 
MSC2 4 0.725 0.0889 0.211 0.173 0.0651 0.148 0.701 
Si
lic
on
 
1SNV 2 0.712 2.03 3.01 4.23 1.55 3.94 1.31 
2SNV 2 0.741 1.95 2.68 5.28 1.55 3.94 1.47 
MSC1 2 0.605 2.41 2.74 5.62 1.55 3.94 1.44 
MSC2 3 0.804 1.73 2.80 5.68 1.55 3.94 1.41 
 
5.4.1 Mud calibrations 
Six data treatments were investigated for each of the five nutrient constituents for the 
mud data. They were: first derivative/standard normal variate (1SNV), second 
derivative/standard normal variate (2SNV), multiplicative scatter correction/first 
derivative (MSC1), multiplicative scatter correction/second derivative (MSC2), 
Savitzky-Golay quadratic first derivative (SG1), and Savitzky-Golay quadratic 
second derivative (SG2). Each calibration was assessed for its suitability by 
comparing several criteria in a similar fashion to the factor selection technique 
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described in Section 5.2. The optimal calibration was found where the number of 
factors, SEC, SECV, and SEP values were minimised and the R2 and RPD values 
were maximised. The amount of noise present in the equation, and the spread of the 
calibration and validation data were also considered. For several of the constituents, 
the statistics imply there was less error in the predictive capabilities of the calibration 
than in the calibration itself, as represented by the SEC, SECV, and SEP statistics. 
This situation is statistically impossible and highlights the effect of a small dataset 
and its statistical implications and limitations. As the validation set was chosen at 
random and kept consistent for each treatment and nutrient, it is possible there is a 
bias in the group and it doesn’t cover the full spread of the data. This imposes one 
data distribution on another, with the expectation of prediction; an unfair assumption. 
Obviously this occurrence is sub-optimal; however, it is unlikely to occur in a mature 
calibration and was considered to be acceptable for this proof of concept exercise. 
From the construction step of the SG2 calibrations, it was observed that the pre-
treatment technique was not appropriate for the data. To achieve the requisite R2 
value of greater than 0.7, two or more factors were required for each nutrient. Whilst 
the loadings for the first factor appeared to represent the concentration related 
regions of the spectra well, the loadings of the second and third factors included 
significant amounts of noise. Although all calibrations will contain factors with some 
contribution from noise, the contribution in this scenario was excessive 
(demonstrated by the calibration coefficient in Figure 75) and is unlikely to allow the 
construction of a robust calibration. This is not represented well in the statistics, 
which suggests the calibrations will perform well, often comparing favourably to the 
other pre-treatments. Therefore, these calibrations will not be included in the 
comparison as they are considered unfit for purpose. 
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Figure 75- Calibration coefficient for the four factor mud SG2 carbon calibration 
Carbon 
Overall, the statistics for the carbon calibrations were good, although better 
performance was expected for a nutrient detected so directly by the NIR technique. It 
is likely that these statistics were simply an effect caused by the small dataset, rather 
than reflecting the true predictive ability of the technique. 
The calibration showing the best overall statistics spread for carbon was 1SNV. With 
each criterion having a rank of either 1 or 2, this calibration was the most consistent. 
Built with only three factors, this calibration produced an R2 value of 0.889; which in 
general, is lower than desirable, but remained comparable with calibrations generated 
using the other pre-treatments. The SECV for this equation approaches the SEC, 
which are 1.45 and 1.39, respectively. Surprisingly, the SEP (1.06) was significantly 
lower than the SECV, again probably due to the small calibration and validation data 
sets used. The calibration plots (Figure 76) show a good spread of data across a wide 
  Chapter Five 
 
156 Queensland University of Technology Science and Engineering Faculty 
 
range. The calibration is top-heavy, however, due to the higher concentrations of 
carbon in the pure mud, for which there are more samples. This plot may be 
indicative of a slight bias which occurs due to the unbalanced ratio of the different 
products. The higher concentrations show a cluster of samples below the optimal 
method comparison line, whereas at lower concentrations there is a greater presence 
above the optimal method comparison line. It is likely that the cluster of samples in 
the 33-34 % dm region have a high leverage and have skewed the balance of the 
calibration. This theory is supported by the validation plot (Figure 77), where the 
same unbalance can be seen, although the overall effect appears less. It is unlikely 
the low SEP in comparison to the SECV was a result of over-fitting as only three 
factors were used to build the calibration and each showed a significant contribution, 
with little noise (Figure 78). 
 
Figure 76- Mud calibration plot 1SNV carbon 
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Figure 77- Mud validation plot 1SNV carbon 
 
Figure 78- Mud weights plot 1SNV carbon 
The SECV is much lower than twice the SEL for the carbon method, indicating the 
NIR spectroscopic method adequately measures this nutrient. Further, an RPD of 
2.80 is strong for agricultural calibrations [182]. These statistics, combined with 
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those mentioned previously, indicate that this calibration is robust, with the 
expectation of further performance improvement upon expansion of the dataset. 
Although the SG1 calibration ranked highly when assessed by individual variables, 
the high number of factors, combined with poor predictive ability, represented by the 
SEP and SECV values, suggests that the model has been over-fitted and will not 
perform well for future predictions. The remaining calibrations are not poor, but 
definitely show reduced capabilities when compared to the 1SNV calibration. 
Clearly, the 1SNV pre-treatment is the preferred choice for the carbon calibration. 
Nitrogen 
Of the six calibrations constructed for nitrogen, none stood out clearly as being 
superior. The statistics for each treatment varied widely and indicated selection of the 
most appropriate calibration would rely on careful consideration of each performance 
statistic and their inter-relationships. It is also possible, as the calibration is further 
developed, an alternative treatment may perform more efficiently. 
Preliminary investigation suggests SG1 is likely the best calibration for nitrogen, 
optimising R2, SEC, and SEP values (0.935, 0.0726, and 0.0878 respectively). 
However, in order to achieve these statistics, seven factors were required for the 
calibration, which is more than double the number required for the 2SNV, MSC1, 
and MSC2 calibrations. Also, the SECV of 0.0877 was ranked third against the other 
treatments.  
The high number of factors increases the risk of over-fitting the data. This is most 
commonly assessed using the SEP value; essentially, an over-fitted model shouldn’t 
predict well. In this case, the SEP was quite acceptable; however, the SECV was 
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worse than expected. For this calibration set, the SEP values were consistently higher 
than the SECV values, suggesting the validation samples were fairly well dispersed 
within the calibration data range. The difference between the SECV and SEP values 
for SG1, although trending the right way, was much smaller than one would expect, 
particularly when compared to the other treatments.  
It is likely that due to the very small prediction set, the SEP for this calibration was a 
product of good luck rather than genuine predictive ability. This theory could be 
tested during the future expansion of the calibration and prediction datasets; where it 
is anticipated that the predictive ability of the calibration will decrease. Ultimately, it 
is likely a calibration built on fewer factors, with similar statistics, will outperform 
this calibration when the datasets are subsequently expanded. 
A better contender for the nitrogen calibration is 2SNV. Built with only three factors, 
it ranks second for R2 and SEC, and first for SECV with values of 0.912, 0.0804, and 
0.0865, respectively. The SEP of 0.116 is also reasonable, although it ranks fourth 
when compared to the other treatments. It is unlikely that the higher SEP suggests 
over-fitting, due to the low number of factors. The weights plot (Figure 79) shows 
that each factor contributes valuable information with little inclusion of noise. 
Alternatively, the small dataset is the most likely explanation for the spread.  
For this calibration, the SEC and SECV values are similar, with the SECV only 
slightly higher. The calibration plot shown in Figure 80 shows a relatively even 
spread of data from approximately 0.70 to 1.80, although there is some clustering at 
the top end of the calibration due to the greater number of ‘pure’ mud samples. As a 
result, a slight anchoring at the high concentration end can be identified in the plot 
  Chapter Five 
 
160 Queensland University of Technology Science and Engineering Faculty 
 
and although there is a relatively even spread of data on either side of the calibration 
line, the data below the line is much tighter than the data above the line. This is an 
effect of the uneven data (mud to composite ratio) and the small dataset. By 
expanding the size of the dataset until a normal distribution is obtained, a boxcar 
algorithm such as Shenk and Westerhause’s CENTER and SELECT [100, 101] can 
be applied to remove the effects of this bias. One would then expect a great 
improvement in SEC, SECV, and SEP values. This was unnecessary for this 
investigation as a proof of concept exercise and the needs are appropriately met with 
the existing datasets. The validation plot shown in Figure 81 supports the issues 
discussed in relation to the calibration plot and also shows a slight bias in the data. 
However, the data is scattered well along the line and is indicative of the quality of 
this preliminary calibration. 
 
Figure 79- Mud weights plot 2SNV nitrogen 
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Figure 80- Mud calibration plot 2SNV nitrogen 
 
Figure 81- Mud validation plot 2SNV nitrogen 
The SECV values for this nutrient are all approximately three times higher than the 
laboratory error. This was an unexpected outcome as the NIR method measures 
nitrogen directly and doesn’t rely on co-correlations, which may reduce the accuracy 
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of such methods. An explanation for this phenomenon may lie in the variation 
between the wet and dry material. Although the wet chemistry samples were dried in 
a low temperature oven over a long period of time to reduce the loss of volatiles 
(such as NO2- and NO32-), it is possible some nitrogen containing compounds were 
lost during this process. Alternatively, the explanation may lie in the extreme 
efficiency of the Dumas combustion method, which is particularly accurate and 
precise in comparison with typical wet chemical analyses. 
The remaining treatments resulted in decent calibrations with similar numbers of 
factors and statistical spreads to those described for the 2SNV treatment. The 2SNV 
treatment, however, is optimised across each variable and will most likely perform 
effectively and robustly upon later expansion. 2SNV is the most successful pre-
treatment technique for the nitrogen mud calibration. 
Phosphorus 
Overall, the results for the phosphorus calibrations were poorer than expected, 
considering the high concentration of the nutrient and well detailed observation in 
the NIR spectrum. 
Of the six calibrations developed for phosphorus, MSC1 stood out as the best 
performer. The R2 value for each treatment was similar, but all values were relatively 
low. This occurred despite the highly variable number of factors required to build 
each calibration, a variable that is usually fairly consistent within each nutrient 
prediction. The calibration plots for each treatment were very similar to that of 
MSC1 (Figure 82). The location of the points along the line trend as expected, 
although the fit is not tight, as indicated by the low R2 value. 
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Figure 82- Mud calibration plot MSC1 phosphorus 
The MSC1 calibration displayed the optimal arrangement of variables, ranking 
second for R2 and SEC values (0.759 and 0.137 respectively), and first for SECV and 
SEP values (0.144 and 0.0682 respectively). Once again, the SEP values were lower 
than the SECV values. Similarly to the carbon calibrations, this was likely due to a 
small dataset and the random selection of validation samples. Although this 
treatment included four factors (the second highest), the weights plot (Figure 83) 
showed that each factor contributes valuable information, with minimal noise 
inclusion in the fourth factor. And whilst the SEP value could be slightly misleading 
(as it was far lower than the corresponding SECV), it was observed to be much lower 
than for the other treatments.  
For MSC1, a good relationship existed between the SEC and SECV values, with both 
having similar magnitudes. The SECV is slightly below twice the SEL of 0.0735, 
suggesting an acceptable error margin for the method. The RPD does not classify any 
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of the phosphorus calibrations well, with each receiving a score between 1.62 and 
1.88; however, the MSC1 calibrations exhibited the highest value. 
 
Figure 83- Mud weights plot MSC1 phosphorus 
The validation plot in Figure 84 shows a good relationship with the calibration 
samples suggesting this calibration will be more robust, despite its greater number of 
factors. However, this should be monitored carefully when expanding the datasets. 
All other treatments provided similarly poor calibrations for phosphorus, however 
the two MSC calibrations identified the best relationships based on the calibration 
statistics. MSC1 is currently performing better and appears to be robust enough to 
withstand expansion. However, MSC2 may surpass this calibration upon expansion, 
so further comparison of the two treatments in the future may be pertinent. 
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Figure 84- Mud validation plot MSC1 phosphorus 
Potassium 
Overall, the statistics for potassium were exceptional, especially when compared 
with the calibrations for the other nutrients. Due to the low level of potassium present 
in mud samples, it was anticipated the calibrations for this nutrient would be poor. 
Further, the reliance on co-correlations for the detection of this nutrient by NIR 
spectroscopy suggested poor calibrations were a distinct possibility. This section will 
discuss the value of each pre-treatment for calibration construction, the phenomenon 
of how the calibration works and its successes will be discussed further in Sections 
6.0 and 7.0. 
The statistical analyses for the potassium calibrations indicate that SG1 clearly out-
performed all others. It ranked first for number of factors (three), R2 (0.951), SEC 
(0.0433), and SECV values (0.0453), all of which were significantly better than the 
other treatments. Unexpectedly, the SEP value for this treatment ranked fifth at 
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0.0406, which is a significant drop from 1SNV, which ranked first with a value of 
0.0321. As was identified with carbon and phosphorus calibrations, the SEP value 
was lower than the corresponding SECV. A calibration with a good SECV statistic 
and poor corresponding SEP typically suggests over-fitting and a non-robust 
calibration. In this scenario, however, it is unlikely the high SEP result is due to 
over-fitting as only three factors were used in the construction of the calibration, 
each of which showed specific contributions (Figure 85).  
 
Figure 85- Mud weights plot SG1 potassium 
An alternate explanation may lie in the spread of the calibration data. As can be 
identified in the calibration plot shown in Figure 86, the data exists in two distinct 
clusters. Although this is common for the calibrations including both mud and 
composite samples, it is interesting that the ‘pure mud’ samples are more spherically 
clustered, whereas the composite samples trend linearly (to be discussed further in 
Section 7.0). This significantly reduces the ability of the calibration to provide a 
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good cross-validation result, as the data-set is weighted with pure mud samples, 
which validate poorly compared to the composite samples. Further, the validation 
plot shown in Figure 87 shows the composite samples predicting exceptionally well, 
with mud samples also predicting very well, as by chance and small prediction set, 
they are all clustered within the horizontal spread of the calibration data.  
 
Figure 86- Mud calibration plot SG1 potassium 
The similarity in the SECV and SEP values for SG1 suggests the performance is 
likely acceptable and that the dataset is small, as was previously mentioned. The 
other treatments show very low SEP values in relation to their SEC values and are 
probably of very little descriptive value. The SECV value approached the SEC value 
nicely; however, the SECV was greater than twice the SEL (0.0143). This suggested 
the error margin of the NIR technique was too large for use with this calibration. 
This was not unexpected with the effects of the small dataset causing many 
discrepancies within the data. It is proposed that expansion of the set would see the 
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error margins reduced to an acceptable range and the calibration error would be 
reduced to a value lower than the prediction error. 
 
Figure 87- Mud validation plot SG1 potassium 
Silicon 
Overall, the statistics for each of the silicon calibrations were poor. This was 
expected as the silicon is present only in small amounts in the mud material and is 
bound tightly within inorganic minerals within the composite material. 
Of the six calibrations built for silicon, there was one treatment which out-performed 
the others. The MSC2 calibration was superior across all variables; factors, R2, SEC, 
SECV, and SEP, and was the only one to produce an SEP value less than the 
corresponding SECV. Again, this is most likely due to the small dataset and spread 
of the data. Examination of the weights plot (Figure 88) shows each of the three 
factors contributes significant information, although there is some contribution from 
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noise. This indicates the low SEP is not a result of over-fitting or poor calibration 
development.  
 
Figure 88- Mud weights plot MSC2 silicon 
The calibration plot (Figure 89) shows a good spread of data from the composite 
samples, but clustering of the pure mud samples. This was expected as the 
concentration range for the pure mud samples was very small compared to the 
composite samples. There was a relatively even spread of data above and below the 
optimal method comparison line, along the whole concentration range. This showed 
that there was little bias in the data and that the grouping of pure mud samples did 
not anchor the regression. A comparison with the validation plot (Figure 90) showed 
that for this nutrient, the validation samples were poor and not evenly spread about 
the optimal method comparison line. This may contribute to the odd SEP result. For 
this equation, the SECV value approached the SEC and was only around 1.5x the 
SEL for the silicon method.  
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The 2SNV calibration may also provide an alternative as this treatment ranked 
second for R2, SEC, and SEP with values of 0.889, 1.36, and 1.50, respectively, and 
a close third for SECV with 1.48. It is likely this equation would perform similarly to 
its MSC counterpart. 
Considering the nature of the silicon present in the material, this calibration 
performed well, as suggested by the statistical trends. However, the practical 
applications of a calibration of this nature are limited. Overall, the calibrations were 
too poor to warrant further investigation. 
 
Figure 89- Mud calibration plot MSC2 silicon 
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Figure 90- Mud validation plot MSC2 silicon 
5.4.2 Ash calibrations 
For the ash data, only four spectral data pre-treatments were investigated for each of 
the five constituents. They were: first derivative/standard normal variate (1SNV), 
second derivative/standard normal variate (2SNV), multiplicative scatter 
correction/first derivative (MSC1), and multiplicative scatter correction/second 
derivative (MSC2). Similarly to the mud data, Savitzky-Golay treatments were also 
attempted; however, the conditions required to obtain a treated spectrum that was 
adequately smoothed and transformed did not comply with general rules and required 
a much larger segment than typical. Using a quadratic function, a segment of 51 nm 
or greater was required for a first derivative transform and a segment of 71 nm or 
greater was required for a second derivative transform. Typically a segment of seven 
or nine nanometres is used for NIR spectra of agricultural and pharmaceutical 
materials, or a segment of 25 nm as this is a more universal size and is therefore 
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more easily transferred between software packages. Consequently, all SG 
calibrations were not considered further. 
As described previously, each calibration was assessed for its suitability by 
comparing several statistical criteria.  
Overall, the statistics presented for the ash data were poor and suggest that high 
quality calibrations may not be possible. Compared to the mud calibrations, more 
factors were required to explain the significant components, yet poorer quality 
calibrations resulted. This may improve significantly with the introduction of more 
data as the calibration and prediction sets in this analysis were particularly small. 
Carbon 
The carbon calibrations showed an interesting combination of results, with the two 
MSC treatments performing better. As ash samples are very low in organic content, it 
was expected that the carbon calibrations would be of poorer quality than for mud 
samples and that a full calibration may not be possible. Surprisingly, the carbon 
calibrations were visually impressive and produced RPD values that outperformed 
those for all other nutrients. 
The MSC2 treatment initially looked most promising and ranked first for R2, SEC, 
and SEP, and second for SECV, with four factors. These statistics were well 
supported with a tightly fitting and well spread calibration plot (Figure 91) and a 
prediction set that rested well within the lower end of the calibration (Figure 92). 
Examination of the weights, loadings, and coefficient plots, however, showed 
distinct evidence of over-fitting. The calibration coefficient showed random 
undulations (Figure 93), and there was a significant lack of information identified in 
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factors three and four of the weights plot (Figure 94). This over-fitting may have 
been the cause of the large negative difference in the SECV and SEP values. 
 
Figure 91- Ash calibration plot MSC2 carbon 
 
Figure 92- Ash validation plot MSC2 carbon 
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Figure 93- Ash calibration coefficient MSC2 carbon 
 
Figure 94- Ash weights plot MSC2 carbon 
The MSC1 calibration showed poorer quality statistics, with R2 (0.912) and SEC 
(1.13) values ranking third, and SECV (1.48) and SEP (1.20) values ranking first and 
second respectively. Similarly to MSC2, the MSC1 treatment produced a tight 
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calibration plot (Figure 95) with well spread, evenly distributed data. The prediction 
set again rested well within the lower half of the plot (Figure 96). Opposing the 
MSC2 treatment, however, the correlation and weights plots for the MSC1 treatment 
supported the statistics well (Figures 97 and 98). The last two factors showed definite 
contributions from noise, however, chemical response was still prominent. This 
indicated that although the MSC1 treatment contained the same number of factors as 
MSC2, over-fitting was unlikely. 
 
Figure 95- Ash calibration plot MSC1 carbon 
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Figure 96- Ash validation plot MSC1 carbon 
 
Figure 97- Ash calibration coefficient MSC1 carbon 
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Figure 98- Ash weights plot MSC1 carbon 
For this calibration the SEL was more than half of the SECV value, indicating that 
the error associated with the NIR process was too great for the calibration to be 
viable. However, expansion of the dataset may reduce this gap. This treatment also 
showed a nice link between the SECV and the SEC, a relationship that was quite 
poor in the MSC2 calibration. From this analysis, MSC1 was the superior calibration 
for carbon quantification in ash samples. This treatment was selected for its well-
rounded and representative statistics. 
Nitrogen 
Overall, the nitrogen predictions were poor for the ash samples. This was expected as 
nitrogen containing compounds are not prevalent in inorganic compounds, which 
make up the majority of the ash material. Further, some nitrogen containing 
compounds present in the by-products (such as ammonia) are volatilised at relatively 
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low temperatures and may be lost during the sample processing for the wet 
chemistry.  
A comparison of the various treatments for nitrogen calibrations identified the 1SNV 
treatment as the most likely one to perform well upon expansion. Built with four 
factors, this treatment provided the best R2 (0.885) and SEC (0.0049) values, and an 
excellent SECV (0.0080) value, when compared to all others. The SEP (0.0144) 
ranked poorly in association with the other treatments; however, the difference 
between the best and worst was very small. The weights plot (Figure 99) shows the 
first factor contained some noise but was dominated by chemical information. 
Further, the calibration coefficient (Figure 100) showed little to no effect from noise. 
These results both suggested the slightly high SEP was not due to over-fitting of the 
data. 
 
Figure 99- Ash weights plot 1SNV nitrogen 
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Figure 100- Ash calibration coefficient 1SNV nitrogen 
The calibration plot (Figure 101) showed a relatively tight calibration with a near-
normal data distribution. The prediction set was widely distributed in comparison to 
the calibration data (Figure 102). There may be two reasons for this - poor selection 
of the prediction set due to the small dataset, or a poor calibration. As nitrogen is an 
element directly measurable by NIR, it is unlikely the NIR instrument could not 
measure this element effectively. Alternatively, testing a calibration consisting of 30 
samples with just four prediction samples was likely to produce poor validation 
performance. It is possible by expanding the datasets, the statistics may improve. 
For this equation, the SECV value approached that of the SEC and was less than 
twice the SEL. This indicated that the errors associated with the NIR method were 
acceptable for comparison with the wet chemistry method. Although nitrogen is not 
abundant in the ash samples, the 1SNV treatment would likely produce the most 
meaningful calibration performance. 
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Figure 101- Ash calibration plot 1SNV nitrogen 
 
Figure 102- Ash validation plot 1 SNV nitrogen 
Phosphorus 
The calibrations developed for phosphorus were the first to show very little promise 
with regard to future expansion and development of an appropriate NIR method. 
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Evidence of this was first observed during the construction stage for each of the 
treatments attempted. All treatments experienced an immediate increase in the 
PRESS value from factor one, as represented by Figure 103. According to the 
general rule of thumb, this would suggest that each calibration should be built on 
only one factor to prevent over-fitting. However, this is impractical for a number of 
reasons. Firstly, it is unlikely factor one contains all of the pertinent information for 
the nutrient, whilst the others provide no useful input. Secondly, the corresponding 
R2 values at factor one, and indeed often at factors two and three also, are absurdly 
low for the purpose. This is represented visually by the calibration plots of a one 
factor calibration (Figure 104); where the samples show no trend and simply cluster 
about a single point. 
 
Figure 103- Ash PRESS values for 2SNV phosphorus 
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Figure 104- Ash one factor calibration plot 2SNV phosphorus 
In an effort to optimise the statistical arrangement and increase the likelihood of an 
acceptable calibration, a greater number of factors were selected in an attempt to 
reach an R2 value that approached 0.7, whilst keeping errors at a minimum. Of the 
various treatments, the second derivative calibrations required less factors and the 
standard normal variate treatments produced better errors. By default, this indicated 
that 2SNV was the most optimal pre-treatment. This was confirmed by comparing 
the SECV and SEP values with those of its competitors.  
The weights plot showed a large contribution from noise; however it was still less 
than for the other treatments (Figure 105). In comparison, the R2 value for this 
treatment (0.696) was significantly lower than its counterparts. The calibration plot 
(Figure 106) showed the data spread was great, but remained relatively even. For this 
calibration, there was a sizable difference between the SECV and the SEC values; 
however, the SECV was slightly greater than twice the SEL value. When compared 
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with the other treatments, and taking into account their likely over-fitting due to the 
large amounts of noise, it was likely that the 2SNV calibration would outperform the 
others despite being a poor quality calibration itself. Expansion may improve the 
overall statistics, however it is unlikely. 
 
Figure 105- Ash weights plot 2SNV phosphorus 
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Figure 106- Ash calibration plot 2SNV phosphorus 
Potassium 
The four spectral pre-treatments tested for potassium calibrations achieved very 
different outcomes, although each was built with a similar factorial arrangement. 
Overall, the results were very poor. After the very positive calibrations achieved for 
potassium with the mud samples, this result was unexpected, particularly as ash is 
high in potassium. The difference in the quality of results between the two sample 
types will be discussed further in Sections 6.0 and 7.0. 
Standard normal variate/second derivative showed the best statistics almost across 
the board; significantly improving on the other treatments for R2 (0.808), SEC 
(0.0743), and SEP (0.0944) values. An SECV value of 0.189 ranked this treatment 
second for cross validation. Similarly to the other treatments investigated for this 
project, 2SNV showed an SEP value that is a significant improvement on the 
corresponding SECV. This is likely explained by the selection of the prediction set.  
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The 2SNV calibration plot (Figure 107) showed a relatively tight fit of data with a 
somewhat even spread. When the prediction set was compared with this data, all four 
points sat easily within the range scope of the validation set (Figure 108). As a result 
of this, the prediction of unknowns was exceptionally good.  Examination of the 
weights and correlation plots (Figures 109 and 110), however, showed the superior 
statistics were likely a result of over-fitting, with each of the four factors containing a 
significant contribution from noise.   
 
Figure 107- Ash calibration plot 2SNV potassium 
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Figure 108- Ash validation plot 2SNV potassium 
 
Figure 109- Ash weights plot 2SNV potassium 
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Figure 110- Ash calibration coefficient 2SNV potassium 
As a nutrient of interest for the ash material, it was expected that this calibration 
would perform well and exhibit excellent validation statistics, especially as the 
analogous calibration for mud samples performed so well. Unfortunately, there was a 
significant difference between the SEC and SECV values. Surprisingly though, the 
error of the cross validation approached the laboratory error and was well within the 
ideal limit. Overall, this calibration was affected by the small dataset, and poor 
sample matrix as explained in Sections 2.0 and 4.0. It may improve with expansion; 
however, a more detailed investigation into the NIR capabilities and ash composition 
and chemistry would be required.  
Silicon 
Similarly to potassium, silicon is a nutrient of interest for the ash samples. Due to its 
presence in ash as various inorganic minerals, it was not expected to produce 
effective working calibrations. The statistics presented in Table 26 may be 
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misleading, particularly the comparatively strong RPD value, which suggests 
calibrations of average quality were able to be developed. 
Overall, for each of the treatments, the R2 values were reasonable and the SEC and 
SECV statistics showed quite good calibration development. It is the significant 
difference between SECV and SEP values, that suggested these models were of 
insufficient quality. The calibration plot for the 2SNV treatment (Figure 111), which 
had the most consistent ranks for each performance statistic, showed a relatively 
even spread of data about the calibration line. As opposed to this, the prediction 
samples (Figure 112) were significantly misaligned; highlighting the poor predictive 
capabilities of the calibration. The alternative treatments showed no improvement. 
The poor SEP value and validation plot warranted an investigation into possible 
over-fitting, which would normally be unexpected when only two factors were 
included in the calibration, but is possible due to the minimal organic matter in the 
ash material.  
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Figure 111- Ash calibration plot 2SNV silicon 
 
Figure 112- Ash validation plot 2SNV silicon 
The weights plot for this calibration (Figure 113) showed a significant amount of 
noise in the second factor and even some noise in the first factor. Further, 
investigation of the calibration coefficient (Figure 114) showed definite effects of 
  Chapter Five 
 
190 Queensland University of Technology Science and Engineering Faculty 
 
over-fitting with the evenly spaced and jagged, sine-like waves. These calibrations 
were clearly over-fitted; however, reducing the number of factors reduces the 
coefficient of determination to an unworkably low level. This calibration simply 
measures slight variation in the moisture content, which has little effect on the 
visibility of silicon to the NIR spectrometer. Further investigation into the use of NIR 
methods to quantify silicon levels in ash material was unnecessary as the nutrient 
itself is not active and there appeared to be no useful co-correlation that would allow 
a relationship to be measured. Further, as the silicon is bound in minerals which do 
not break down with time, and therefore, are not available to the plants, measuring 
the value of this product as a nutrient source is also unnecessary. 
 
Figure 113- Ash weights plot 2SNV silicon 
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Figure 114- Ash calibration coefficient 2SNV silicon 
Overall, even the best calibration for each of the nutrients produces poor quality 
results for ash samples. This is most likely due to the inorganic nature of the samples, 
as opposed to simply being a result of the small dataset used for the calibration. 
Continuing to develop these calibrations is unlikely to produce improved 
performance and therefore, no further investigation into calibrations for the ash by-
product as a discrete entity was conducted. 
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6.0 CHAPTER SIX 
CORRELATIONS AND CO-CORRELATIONS 
The following chapter will discuss how it was possible for each of the nutrients in 
mud samples to be quantified by NIR spectroscopic methods and why the quality of 
some calibrations exceeded expectations, whereas others performed poorly. The 
chemical compounds present in the materials will be examined with regards to their 
surrounding environment and considered with other potential interactions occurring 
within the physical material. 
It was described in Section 2.0 that the fundamental principle of PLS was based on 
the formula X = YB + ε, with X and Y existing as latent structures, with B, the 
matrix of regression coefficients, providing the link between the two. The 
mathematical relationships behind the associated b-vector (or calibration coefficient), 
and its’ potential to estimate pure spectral profiles are described extensively in the 
literature [72, 183-185]. 
Ultimately, the calibration coefficient describes the contribution of each wavelength 
to the calibration, and when considered in context, may provide insight into which 
chemical vibrations are responsible for a successful calibration. From there, 
assumptions can be made regarding which molecules or constituents are responsible 
for these vibrations. Further to this, regions of the spectrum not contributing to the 
calibration, or showing a negative response are equally important.  
In order to examine the b-vectors obtained for the calibrations constructed for this 
project, it was imperative to consider the original treatment of the spectra. These 
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treatments normalised the spectra and caused them to exist in both positive and 
negative ‘absorbance’ space. Therefore, when comparing the treated spectrum to the 
coefficient vector, it is important to apply basic mathematic principles, whereby a 
positive intensity from the coefficient vector paired with a negative intensity at the 
same wavelength represents a negative contribution to the calibration. Alternatively, 
a positive intensity shown by both the coefficient vector and treated spectrum 
represents a positive contribution of that wavelength to the calibration. 
This type of investigation into the finer points of how and why NIR calibrations are 
constructed can be a contentious issue in the NIR community, and therefore should 
be approached and considered carefully. The complex sample matrix, combined with 
the broad and overlapping nature of the peaks often results in calibrations based on 
combinations of direct measurement, co-correlations, negative correlations, and false 
positive correlations. The assignments presented in the following chapter are basic 
suggestions as to what compounds may be contributing to various vibrations, based 
on an understanding of the compounds present in the mud samples, combined with 
the basic band assignments presented in Table 23.  
6.1 Carbon- 1SNV 
By overlaying the plot of the calibration coefficient and the treated spectra from 
which they are derived, we can interpret the contribution of each wavelength towards 
the calibration (Figure 115). In effect, this permits the identification of regions of 
particular bonding characteristics, which may in turn, relate back to the nutrient for 
which the calibration was built. 
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As expected for a carbon calibration, much of the relationship between the plot of the 
calibration coefficient and treated spectrum was positive. This showed the large 
contribution of carbon-based bonding to the NIR technique. There are however, 
significant regions of negative influence. 
The region between 1130 nm and 1275 nm was devoted almost exclusively to the 
second overtone C-H stretching vibrations of CH, CH2 and CH3 moieties, although 
the peak at 1150 nm was probably due to the ν1+ ν2+ ν3 combination of water.  
Unsurprisingly, this whole region of the spectrum was strongly positive, indicating a 
significant contribution to the carbon calibration. The region between 1275 nm and 
1300 nm exhibited a slight negative response which was likely from the O-H stretch 
of phosphoric acid.  
Between 1300 nm and 1400 nm, a positive contribution was indicated and represents 
the C-H combinations and first overtone O-H stretches of both aromatic and aliphatic 
compounds. The aromatic compounds likely arise from the phenyl propane units in 
lignin, whereas the aliphatic contributions were probably due to a combination of 
lignin, wax, sucrose, cellulose, hemicellulose, and protein. Further, the peak at 
1410 nm was likely a response from the O-H stretching of hydroxyl ions, present as 
hydrated ions due to the interaction between lime and moisture in the samples. The 
peak at 1500 nm was likely a response from the first overtone O-H stretching of 
lignin bracketed by the water stretching and combination bands at 1450 nm and the 
hydrogen bonded O-H stretch of the hydroxyl groups at approximately 1520 nm.  
  
 
Figure 115- Mud coefficient vector overlaid with treated spectrum- 1SNV carbon 
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The 1500 nm to 1681 nm region also showed activity due to the first overtone N-H 
stretching vibrations present in proteins and their peptide bonds. It is unexpected that 
the N-H contributions of proteins would be positive in the carbon calibration, 
however their contribution is small in comparison to the C-H stretching and bending 
of other non-nitrogen containing compounds. The region of positive contribution 
concluded with a peak at approximately 1675 nm, which related to the first overtone 
C-H stretching of lignin.  
A single peak showing a negative contribution occupied the region between 1681 nm 
and 1704 nm. This peak has been ascribed to the C-H first overtone stretching of an 
aromatic, C=C first overtone stretching, and first overtone C-H stretching of CH3 
groups; all structures being present in lignin and protein. The strong negative 
contribution suggested protein may be the main source of these vibrations; the 
negative correlation may be the key to the calibration’s ability to distinguish proteins 
from lignin. Although these compounds share many functional groups, and therefore 
NIR vibrations, the neighbouring nitrogen compounds associated with the C=C 
bonding in protein is likely to be influencing the vibration, and altering it slightly, 
compared to a lignin-based C=C vibration. As this calibration is focussing on carbon, 
and carbon containing compounds, the negative correlation suggests the bond 
providing this vibration is part of a compound that does not contribute significantly 
to the carbon concentration of the mud samples.   
The area between 1704-1778 nm was divided by a transition from positive to 
negative half way through the 1730 nm peak observed in Figure 115. This suggested 
the peak was a contribution from two compounds, one was likely carbon based, 
whilst the other contained nitrogen.  This assumption fit well with the proposed band 
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assignments. The first, positive region related to the first overtone of the C-H stretch 
or third overtone of the C-H asymmetric deformation, most likely present in the 
lignin, wax, sucrose, cellulose, and hemicellulose. The second, negative region was 
explained by the first overtone C-H stretching of the CH3 and carbonyl groups in 
protein. A second negative peak preceeds this and was ascribed to the first overtone 
C-H stretching of the proteinaceous CH, CH2 and CH3 groups.  
The region between 1778 nm and 1901 nm showed a combination of strong and 
weak contributions from cellulose bands, interspersed with some negative 
relationships provided by the C-N stretching of protein. Also, the peak at 1780 nm 
was likely due to the ν2 + ν3 + ν4 combination band of water. The very strong positive 
relationship at 1886 nm was identified as the third overtone of C-H deformation, 
present in each of the organic compounds, and is where the value of the calibration 
lies. 
A very small positive relationship can be found at 1930 nm and is attributed to the 
O-H stretch/O-H deformation combination of cellulose. This peak was bracketed by 
strong negative contributions from 1901-1986 nm. These regions are assigned to the 
free O-H stretch of water at 1908 nm and the singularly bonded O-H stretch of water 
at 1935 nm. The peak at 1953 nm was ascribed to the second overtone C=O 
stretching of lignin and wax and was followed by the doubly hydrogen-bonded water 
vibrations at 1969 nm. These regions also contain the first overtone O-H stretching 
of phosphoric acid, second overtone C=O stretching of proteins, and N-H 
stretching/bending combinations. It is expected these regions would have a negative 
contribution to the carbon calibration. These negative N-H regions may be 
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responsible for reducing the impact of the N-H stretching present in the 1500-1681 
nm region mentioned previously. 
The remainder of the spectrum showed positive relationships of varying intensity, 
except for a negative region between 2209 nm and 2235 nm. This negative region 
was unexpected as it houses the C-H stretch/C=O stretch combination of aldehydes, 
present in lignin and wax. Equally unexpected was the large positive region between 
1986 nm and 2209 nm, where protein vibrations are prevalent. Specific assignment 
in this region presented a challenge as the likely culprits are bends, stretches and 
combinations of amide I, II and III bands which are notoriously complex. 
Alternatively, very strong positive activity in the 2235-2285 nm region were directly 
relatable to the combination and deformation bands of lignin and cellulose, with the 
final band at 2300 nm identifying the second overtone of the C-H bending in protein. 
By overlaying the treated spectrum and calibration coefficient, a breakdown of the 
contributions to the calibration was successful. Although there were some 
unexpected contributions from designated protein regions, the activity of the carbon 
based bonding was clear and the general trend showed strong positive contributions 
from the carbon active regions and negative relationships from the non-carbon 
regions. 
6.2 Nitrogen- 2SNV 
In much the same way as described for the carbon calibration, the relationship 
between the calibration coefficient and the treated spectrum was positive (Figure 
116). However, a few key cellulose, lignin and phosphoric acid regions showed 
negative relationships. 
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The water combination, and the C-H stretching and combination region between 
1130 nm and 1370 nm showed a continuous positive relationship of minor 
significance, except for a small region at about 1170 nm, which related to the C-H 
second overtone stretching of lignin. Strong positive relationships at 1374 nm and 
1404 nm bracketed a small region of negative influence at 1391 nm, caused by the 
first overtone of O-H stretching of lignin. The relationship at 1374 nm was 
influenced by water stretching vibrations and C-H combinations, present in lignin, 
protein and wax.  
The relationship in the range from 1400 nm to 1655 nm was positive. The band 
assignments for this region in Table 23 showed a prevalence of C-H vibrations. This 
was probably unlikely and was the first major instance where the differences 
between dry and moist samples caused a problem. This region also contains multiple 
water and hydroxide vibrations, which are more likely to contribute to the nitrogen 
calibration.  Peaks were identified at 1374 nm, 1404 nm, 1437 nm, and 1498 nm and 
likely relate to the ν1+ ν3 water combination bands expected at 1380 nm, free O-H 
stretching of hydroxyl groups, 2ν1 + ν3 combination band for water , and the O-H 
deformation of hydroxyl groups, respectively. Key nitrogen-containing vibrations 
were present in the latter part of this region (1490-1655 nm). Specifically, the region 
contained the first overtone of the N-H stretch of primary and secondary amines and 
the N-H deformation and stretching of secondary amides. A single peak showing a 
negative contribution was present at 1663 nm and relates to the first overtone C-H 
stretching of lignin. 
The region between 1668 nm and 1693 nm showed a relatively significant positive 
relationship. This may be due to the aromatic C-H stretching present in lignin and 
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protein, or the NH3+ NH deformation for amino acid II [175]. This deformation 
usually shows a third overtone between 1640-1680 nm and a second overtone 
between 2200-2250 nm. Strong positive relationships that are only loosely explained 
by other assignments were present in both of these locations. The lack of detail in 
these regions in the raw/second derivative spectra (and resulting absence in Table 23) 
suggested they are masked by other bands as they are relatively weak second and 
third overtones. Alternatively, this is more likely to represent the first overtone C=C 
stretch present in lignin, wax, and protein. The positive relationship demonstrated in 
the nitrogen calibration, supports the theory presented in Section 6.1, that this 
vibration is due to the C=C stretching of proteinaceous compounds. The negative 
relationship that follows this is possibly due to the lignin-based C-H stretching 
present around 1930 nm.  
Once again, strong positive relationships were present through the remaining C-H 
stretching region, with significant bands at 1730 nm, 1750 nm, and 1761 nm. These 
bands represent vibrations present in almost all compounds identified in the mud 
material. A return of the calibration coefficient to the zero baseline at 1780 nm 
showed this region has no contribution towards the nitrogen calibration. As this area 
was attributed to the first overtone of C-H stretching present in cellulose, this 
behaviour is expected. Further, a negative relationship at 1820 nm was also identified 
as a cellulose combination band.  
  
 
Figure 116- Mud calibration coefficient overlaid with treated spectrum- 2SNV nitrogen 
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Two very strong positive contributions were identified in the 1830-1900 nm region. 
The first of these showed several protein-based vibrations, including the third 
overtone C-N stretching of a secondary amide (1844 nm) and a significant band 
identified as an unknown absorber in most amino acids (1886 nm). The second 
positive contribution was to water vibrations; specifically, the ν2+ ν3 combination of 
water, or the free O-H stretch of water. 
Phosphoric acid, cellulose, wax and lignin are responsible for a significant region of 
negative contribution between 1909 nm and 1954 nm. Specifically, these were the 
first overtone O-H stretching from phosphoric acid, O-H stretch/O-H deformation 
combination from cellulose, and second overtone carboxyl stretching of the 
α,β-unsaturated aldehyde compounds present in wax and lignin. This region, along 
with that at 1717-1830 nm, may be the key to the nitrogen calibration, by providing 
strong negative relationships at these points for each of the non-nitrogen containing 
materials identified in the mud product. Significant distinctions can be made among 
these components to produce a robust calibration, even though there are many shared 
vibrations. Further, this region is home to various water-related vibrations as 
described in Table 23. 
Between 1945 nm and 2128 nm lies a region of low intensity, positive contribution, 
containing many nitrogen-related vibrations, including amide II and III stretching 
and combinations. Complete classification of this region was not possible due to the 
spectral complexity. 
The final 170 nm of the spectrum was a complex mixture of positive and negative 
relationships that was relatively easily explained by the significant presence of 
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protein, cellulose and lignin-specific vibrations. Negative regions at 2128-2141 nm 
and 2268-2288 nm were attributed to alkene stretching combinations of lignin and 
wax and the O-H/C-O stretch combinations of lignin and cellulose, respectively. A 
return to the baseline at 2208 nm identified neither positive nor negative 
contributions of the C-O-O antisymmetric stretching of cellulose and N-H 
stretch/amide combination of protein.  Unexpectedly, the negative relationship at 
2152-2191 nm included several protein-specific vibrations. The positive relationship 
at 2417 nm showed a small contribution to the calibration by the alkene combination 
present in lignin, wax and protein. A significantly positive vibration at 2230 nm was 
a result of the second overtone NH3+ NH deformation of amino acid II mentioned 
previously. Finally, a strongly positive peak at 2299 nm represents the second 
overtone C-H bend of protein. 
As with the carbon calibration, overlaying the treated spectrum and calibration 
coefficient provided a successful breakdown of the spectral contributions. Although 
there were some unexpected contributions from lignin and cellulose-specific 
vibrations, the positive contribution of the nitrogen-based bonding was clearly 
demonstrated along with significant negative relationships from carbon-specific 
spectral regions. 
6.3 Phosphorus- MSC1 
There are many similarities between the carbon (Figure 115) and phosphorus (Figure 
117) comparison plots, and indeed the two nutrient elements are closely correlated on 
a PCA plot (Figure 25). It is quite possible, and even likely, that much of the 
successful phosphorus calibration was based on co-correlation with carbon 
vibrations, with only a few specific phosphorus vibrations providing the difference.  
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Overall, the phosphorus calibration was a rather poor performer, further supporting 
this theory. 
The phosphorus calibration begins with a negative contribution in the CH2 stretching 
and water combination region between 1130 nm and 1186 nm. Following this was a 
significant region of positive contribution. It is likely this region, between 1186 nm 
and 1274 nm, mostly represents second overtone C-H stretching of CH2 and CH3 
groups present in lignin, cellulose, proteins, and waxes. However, it is also probable 
that second overtone P-OH stretching vibrations, usually identified between 1230-
1300 nm are also found here.  
A positive peak at 1330 nm showed significant contribution to the phosphorus 
calibration and its potential assignment will be discussed in Section 7.0. A second 
peak is found at 1370 nm, which also showed a strong positive contribution and is 
ascribed to the O-H antisymmetric and symmetric stretching of water. The first major 
difference between the carbon and phosphorus calibrations can be seen in the 
significant negative peak at 1397 nm. This peak was ascribed to the first overtone 
O-H stretching of lignin and the C-H combinations of CH2 groups found in lignin, 
protein, wax, sucrose and cellulose. This peak is likely to also contain a contribution 
from the free O-H stretching of hydroxyl groups. This negative relationship is one of 
the regions which allow clear distinctions to be made between the carbon and 
phosphorus calibrations. A return to the baseline and small positive relationship at 
1426 nm identified the second overtone of P-H stretching found in various 
phosphorus containing compounds [175]. 
  
 
Figure 117- Mud calibration coefficient overlaid with treated spectrum- MSC1 phosphorus 
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A large region of positive contribution was found between 1452 nm and 1734 nm. 
This region contains several phosphate vibrations, and showed a decrease in intensity 
from the carbon calibration at 1500 nm, indicating less involvement from lignin 
vibrations. The region between 1440 nm and 1460 nm was attributed to various 
water stretching and combination vibrations. This was followed by the third overtone 
of free P=O vibrations between 1480-1600 nm and the hydrogen bonded P=O 
vibration at around 1660 nm [175]. It is also likely that O-H stretching of hydroxyl 
vibrations was also present at around 1515 nm.  
Two strong positive peaks at 1690 nm and 1725 nm were followed by a negative 
peak at 1740 nm which mirrored the situation observed for the carbon calibration. 
The peak at 1690 nm was ascribed to aromatic C-H first overtone stretching, C=C 
first overtone stretching and CH3 groups, all structures present in lignin and protein. 
The peak at 1725 nm was ascribed to the first overtone of the C-H stretch and/or the 
third overtone of the C-H asymmetric deformation, most likely present in the lignin, 
wax, sucrose and cellulose. The negative peak at 1740 nm describes the first 
overtone C-H stretching of the CH3 and carbonyl groups in protein. This was 
followed by a region of positive contribution which likely represents the C-H 
stretching of CH, CH2, and CH3 groups at 1763 nm, the third overtone phosphate 
(PO3=) bands found between 1750 nm and 1900 nm, and the PO4 vibrations found 
between 1810 nm and 2000 nm.  
Again, the region between 1835 nm and 1922 nm behaved in a very similar fashion 
as for the carbon calibration; however, the peak at 1890 nm was sharper and less 
intense. This peak was most probably due to first overtone P-OH stretching and was 
less pronounced in the carbon calibration due to the third overtone of C-H 
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deformation. Also, some contribution from water is possible, although the band is 
very sharp. The bracketing negative regions are likely interactions in the combination 
bands of water. 
The second major difference between the spectral contributions to carbon and 
phosphorus calibrations can be seen in the region between 1922 nm and 2221 nm. In 
the carbon calibration, this region was mostly positive and attributed to various 
amine, amide and carbonyl vibrations caused by proteins and cellulosic material. 
This region was almost wholly negative in the phosphorus calibration, excluding two 
very small regions at around 2005 nm and 2087 nm, which were likely due to the 
first overtone P-H stretching, present between 2030 nm and 2200 nm, or two water 
vibrations at 2060nm to 2090 nm and 2096 nm. 
The phosphorus calibration concludes with a strong positive contribution between 
2221 nm and 2285 nm, which directly relates to the combination and deformation 
bands of lignin and cellulose. Unlike the carbon calibration, the final two peaks, 
negative and then positive, show only small contributions as expected since this 
region contains the second overtone C-H bending vibrations of protein, which does 
not provide co-correlation with phosphorus. 
6.4 Potassium- SG1 
The comparison of the calibration coefficient and treated spectrum for the potassium 
calibration identified some interesting interactions, which helps to understand why an 
excellent calibration could be constructed for a substrate that contains very low 
nutrient levels. Potassium will be discussed separately in Section 7.0.  
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6.5 Silicon- MSC2 
The calibration coefficient and treated spectrum overlay for silicon shows a rather 
‘noisy’ calibration coefficient, with only small regions of truly meaningful 
information. This was expected as silicon is only present in any decent concentration 
in a portion of the mud samples (the composite samples). Further, all of the silicon 
containing compounds present in the by-products (quartz and feldspar) are inorganic 
and therefore by definition, NIR inactive. The only chance of obtaining an acceptable 
calibration for silicon is through co-correlation or interactions of the inorganic 
materials with organic molecules.  
A compound that may interact with the inorganic compounds in the composite 
samples is partially hydrolysed polyacrylamide (PHPAM), displayed in Figure 118. 
As a compound used to bind materials into its long chain to assist with flocculation 
during the clarification stage of juice purification, it is quite likely it will also bond 
with the ash compounds. 
 
Figure 118- Partially hydrolysed polyacrylamide 
The sorption of PHPAM to silicate minerals such as quartz and feldspar has been 
studied extensively due to the geochemical and mineral processing benefits of this 
compatibility [186-190]. Adsorption of PHPAM on silicate minerals can occur via 
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two potential connections, electrostatic interaction and hydrogen bonding. Charge 
differences are obviously required for electrostatic interactions and occurs, in the 
case of feldspar, through the desorption of potassium and sodium ions from the 
mineral surface [191]. A prior, comprehensive overview has described that in slightly 
alkaline, moist environments, the exchangeable cations potassium and sodium desorb 
from feldspar, leaving aluminate and silicate surface sites that are various 
combinations of negatively or positively (protonated) charged; a result of the 
following reactions [167].   
X െ Na ൅ Hା 	⇌ 			X െ H ൅ Naା 
X െ Na		 ⇌ 			 Xି ൅ Naା 
where, X is an accessible cation exchange site, and X-is a negatively charged, 
unfilled cation site 
≡ ሺAl, Siሻ െ OH		 ⇌			≡ ሺAl, Siሻ െ Oି ൅ Hା 
≡ ሺAl, Siሻ െ OH ൅ Hା 		⇌			≡ ሺAl, Siሻ െ OHଶା 
where, ≡(Al,Si)-O- and ≡(Al,Si)-OH+ are charged surface oxygens of silicon 
and/or aluminium 
 
Similarly, PHPAM contains multiple sites available to interact with other species. 
The amide groups are non-polar and typically assist in orientation, whilst also 
providing hydrogen bonding opportunities to mineral faces [190, 192]. Alternatively, 
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the carboxylic acid groups may remain protonated, or be deprotonated, depending on 
the pH of the environment. Quartz has an isoelectric point (IEP) of 2 and may also 
deprotonate to form negatively charged silicates [190]. The aluminate and silicate 
sites of feldspar and the silicate sites of quartz are free to interact with the 
deprotonated carboxyl group and the amide moieties of the PHPAM, thereby binding 
the two together. 
Graveling et al. used potentiometric titration methods to show that at a pH of 
approximately 8, the overall surface charge of feldspar is slightly positive, with most 
of the deprotonation occurring on the aluminate site, and some deprotonation of the 
silicate site [190]. As the carboxylic acid groups of PHPAM are deprotonated at pH 
greater than 4.5, some electrostatic interaction should be expected; however, 
adsorption isotherms of X-ray photoelectron spectroscopic (XPS) data show very 
little adsorption of PHPAM at pH 8 for feldspar [188]. This is probably due to the 
large number of PHPAM negative surface charges repelling the negative aluminate 
and silicate groups of the feldspar. 
Quartz also interacts with the PHPAM, both electrostatically and through hydrogen 
bonding. Between pH 4-8, the interaction is strongest and is due to the hydrogen 
bonding between the uncharged surface sites and the PHPAM amide group [190]. A 
drop in adsorption at a pH greater than 8 is the result of extensive deprotonation of 
silicates, reducing the proclivity for hydrogen bonding and increasing the 
electrostatic repulsion of the two materials. 
These interactions are all feasible in the moist and slightly alkaline mud and 
composite samples. The pH of the samples is typically around 7.5-8.5 [154], 
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however can range from around 6-9 [35]. If the interaction between quartz or 
feldspar with PHPAM is significant enough, it may be observable using NIR 
spectroscopy. It can be expected that electrostatic attraction and hydrogen bonding 
between the aluminate and silicate sites of the minerals with the carboxyl and amide 
groups of the PHPAM will shift the peaks associated with the organic molecule in a 
way that will be identifiable using chemometric techniques. The potential 
quantitation of silicon by detecting shifts in PHPAM absorption bands in the NIR 
region may be difficult due to varying quartz-feldspar ratios in the mud/ash 
composite samples and the superior performance of PHPAM flocculation with quartz 
over feldspar in the typical pH range of mud samples. Therefore, it is unlikely the 
total silicon content, as measured by wet chemistry, will relate directly to the quartz 
composition of the samples, reducing the chance of these interactions allowing an 
effective calibration to be built. 
  
 
Figure 119- Mud calibration coefficient overlaid with treated spectrum- MSC2 silicon 
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Although unlikely, it is possible water and other impurities bound in the crystal 
structure may allow a relationship to hold.  
The only significant regions of interest in the comparison plot were those related to 
water within the mineral structures, either trapped as inclusions or as part of the 
composition. The first of these can be seen at around 1150 nm, where the negative 
relationship indicates the ν1 + ν2 + ν3 combination band of water. A positive 
relationship at 1377 nm was present due to the symmetric O-H/asymmetric O-H 
stretch combination of water, usually identified at 1380 nm. This was immediately 
followed by another strongly positive relationship at 1400 nm, which represents the 
first overtone O-H stretch of hydroxide groups. The negative peak at 1425 nm 
represents the C-H stretching combinations and first overtone O-H stretching of 
lignin, and/or the first overtone O-H stretching from hydroxyl constituents. The 
following positive region represents the water combination and O-H stretching 
vibrations, typically identified between 1440 nm and 1460 nm. 
The region between 1780 nm and 1865 nm demonstrates a consistently positive 
relationship. This region is not due to water-related vibrations, but represents strong 
positive contributions due to C-H stretching and combinations of cellulose, as well as 
C-N stretching from amide constituents. The C-N stretching result was somewhat 
unexpected, however it may relate to previously discussed PHPAM interactions. 
Another possibility is that the peak at 1780 nm may relate to the ν2 + ν3 + ν4 
combination of water. 
Peaks at 1870 nm and 1894 nm showed negative relationships and likely represent 
the ν2 + ν3 combination of water and free O-H stretching of water, respectively. This 
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is followed by a region of positive relationship, showing peaks at 1919 nm and 
1939 nm, which likely relate to the O-H stretch/O-H deformation combination bands 
of water. 
A strongly negative relationship was observed between 2200 nm and 2240 nm, 
which likely represents an SiOH combination of SiO ν1 + ν2 + OH stretch [193]. This 
negative contribution was unexpected for this calibration, however may contribute to 
the poor statistics. The remaining peaks at 2253 nm and 2280 nm may be due to 
Al-OH vibrations or simply represent the C-H combination bands of lignin and 
cellulose. 
This chapter has described how carbon, nitrogen, phosphorus and silicon 
concentrations in mill mud samples can be predicted using NIR spectroscopic 
methods. With the aid of chemometrics, we can observe the vibrations of the various 
materials present in the mud samples and identify their relative contributions to the 
calibrations. In the future, this may allow calibrations to be constructed with fewer 
variables that can be selected specifically for their direct prediction capacities. 
The basic analysis provided in this chapter showed a majority of the significant 
contributions for each calibration existed in the regions between 1300-1460 nm and 
1650-2000 nm. It is possible a reduction to these wavelengths would improve the 
robustness of future calibrations. 
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7.0 CHAPTER SEVEN 
THE POTASSIUM EFFECT 
Chapter Five described excellent calibration statistics for the mud potassium 
calibrations. This quality was unexpected for this combination of nutrient and by-
product; as mud samples are quite low in potassium. Further, potassium typically 
remains either in solution as an ion, forming salts or, contained with inorganic 
complexes and theoretically should be invisible to NIR methods. In response to these 
results, potential causes and explanations were further investigated.  
The first step was to examine the calibration information for the Savitzky-Golay 
calibration, which was the best performing calibration. The calibration plot is 
presented in (Figure 120) and clearly shows the mud and composite samples as two 
distinct groups. There is a clear difference in the spread of the two materials with 
respect to potassium concentration and their relationship to the optimal method 
comparison line. The mud samples are present in a relatively tight cluster that shows 
very little trending with the optimal method comparison line. The composite 
samples, however, are well spread along the optimal method comparison line and fit 
quite tightly. This suggests that although there are significantly less composite 
samples, they are having a very large impact on the calibration and may even appear 
to be a primary cause of the positive calibration statistics. To investigate this further, 
more calibrations were built that contained only like samples; that is, calibrations 
containing mud samples only and separate calibrations containing only composite 
samples. 
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Figure 120- Mud calibration plot SG1 potassium 
Calibrations developed for the composite samples all showed acceptable statistics, 
bearing in mind each calibration contained only 10 pairs of spectra (20 spectra in 
total). The treatment producing the best calibration was SG1, which suffered least 
from the effects of the small dataset. The calibration plot (Figure 121) showed a good 
spread of data which sits tightly along the optimal method comparison line. The 
calibration coefficient (Figure 122) showed a small amount of noise, but largely 
represents active spectral contributions. The noise is less likely to be due to over-
fitting, but rather a result of the small calibration set. Two factors were used to build 
this calibration which gave an R2 value of 0.7888, an SEC value of 0.0497, and an 
SECV value of 0.0557. 
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Figure 121- Composite calibration plot SG1 potassium 
 
Figure 122- Composite calibration coefficient SG1 potassium 
Comparatively, the calibrations for pure mud samples were much less successful. In 
fact, calibrations could not be developed for any treatment as increasing the number 
of factors to achieve the required R2 values resulted in a large contribution from 
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noise, and subsequent over-fitting of the data. This is demonstrated by the SG1 
treatment, which was representative of all treatments (Figures 123-125). Nine factors 
were required to build a calibration with an R2 value above 0.70. The calibration 
coefficient shows chemical contributions that are almost completely swamped with 
noise, which with the calibration plot, suggests over-fitting has occurred. The ash 
calibrations discussed in Section 5.4 were equally unsuccessful. Ultimately, 
calibrations for potassium were successful when the mud and ash samples are 
combined into composite samples, but unsuccessful for each by-product individually. 
 
Figure 123- 'Pure' mud PRESS values SG1 potassium 
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Figure 124- 'Pure' mud calibration coefficient SG1 potassium 
 
Figure 125- 'Pure' mud calibration plot SG1 potassium 
This phenomenon suggests something is happening that is allowing the potassium to 
become ‘visible’ to the NIR instrument when present in the composite samples, but 
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remains invisible in the discrete samples. There are three possible rationales for this: 
moisture, co-correlation, and chemical interaction. 
The first possible explanation for the improved detection and quantification of 
potassium in composite samples may be as simple as the increase in free water, 
allowing ionic interactions between potassium ions and water molecules. It was 
identified in Section 4.0 that the average moisture contents for the mud and ash 
samples were 83% and 43%, respectively. It was also described in Section 4.0 that 
potassium was present in the ash samples as a plagioclase feldspar such as albite 
(NaAlSi3O8), or an alkali feldspar such as sanidine ((K,Na)AlSi3O8). As ash samples 
are low in moisture, it is likely potassium ions remain bound within the feldspar, 
thereby maintaining its inorganic relationships and preventing the development of an 
appropriate potassium calibration. The increased moisture content of the composite 
samples combined with the alkaline conditions could be sufficient to draw the 
potassium ions out of the inorganic complexes and into solution [190]. This would 
allow the potassium to become ‘visible’ to the NIR instrument as ions in solution 
have an effect on the spectral position of the water bands [194]. 
Alternatively, co-correlations between potassium ions and other ions or organic 
products may also be responsible for the excellent calibrations. To investigate this on 
an elemental level, a PCA was performed on the wet chemistry data and the loadings 
plot interpreted (Figure 126). Sodium was immediately identified as being directly 
correlated with potassium, residing in the same area within the loadings plot. This 
was not surprising as in biological and plant systems, potassium and sodium are 
often found acting in concert. It is possible the calibrations obtained for potassium 
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are not due to the potassium ions in solution at all, but rather the result of interactions 
of the sodium ions with organic molecules. 
 
Figure 126- Loadings plot of wet chemistry values for all nutrients analysed in mud and ash samples 
Finally, interactions or reactions may be occurring when combining the two by-
products. The most likely compound to react is the partially hydrolysed 
polyacrylamide (PHPAM) (Figure 127), present in the mud samples. The most likely 
interaction to occur will be between the carboxylic acid moiety of the PHPAM and 
the newly ionised potassium and sodium salts from the sample. If the PHPAM 
ionically bonds through the carboxylic acid moiety, we can expect to see an 
interruption to the ‘regular’ PHPAM vibrations, i.e. the presence of the potassium or 
sodium ion on the organic species will slightly alter the electronegativity of the 
molecule and therefore, change the vibrational fingerprint. It is also possible that the 
amide group will interact with species present in the ash.  
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Figure 127- Partially hydrolysed polyacrylamide 
As an outcome of these interactions, it was expected the plot comparing the 
calibration coefficient with the SG1 treated spectrum (Figure 131) would identify 
significance from the water stretching, bending, and combination regions, as well as 
regions where amides, carboxylic acids and alkanes are active, as they are the 
functional groups present in PHPAM. 
The region of the plot between 1130 nm and 1389 nm showed strong responses that 
provide positive input to the calibration. The first peak, at 1142 nm likely represents 
the ν1+ ν2+ ν3 combination band of water. The region between 1170 nm and 1270 nm 
represents the second overtone, C-H stretch of the skeletal CH2 groups of PHPAM, 
and the second overtone C-H stretch of the carbonyl group of the PHPAM. 
Following this was a peak with significant positive contribution at 1328 nm, a region 
for which there is little prescribed in the literature. Potential assignments include 
open chain acid anhydrides [175], which are formed by reacting an acyl halide with a 
carboxylic acid by the following mechanism [195]. 
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Anhydrides can also be formed by the dehydration of carboxylic acids with a strong 
oxidiser through the following reaction [196, 197]. 
 
Whilst this reaction is possible through the PHPAM carboxylic acid moieties (from 
the mud component) reacting with phosphorus pentoxide (from the ash component), 
the formation of an anhydride is near impossible considering the predominance of 
water in the samples. An alternate theory suggests this band may be due to electronic 
transitions of iron (II) in the plagioclase feldspars potentially present in the ash (see 
Seection3.5). Peaks due to this transition usually appear between 1100 nm and 1300 
nm [198, 199], but have also been reported at 1335 nm [200]. The intensity and 
shape of the peak, however, are not typical of that expected as a result of electronic 
transitions, which due to their low energy, produce less intense, broad peaks.  
The final suggestion regarding the identity of this peak is that it is water or hydroxyl-
related and demonstrates a large influence on the calibration due to its involvement 
with potassium or sodium ions. A review of the previous calibrations showed that 
this peak was also present in the phosphorus calibration. This supports the theory the 
peak is water related, as the hydrogen bonding properties would also amplify 
interactions with phosphorus-containing molecules. This peak can be seen in 
multiple high-moisture solids, including potato [201] and grapes [202].  
To investigate whether or not this peak was water related, the absorbance spectrum 
of water was measured in an in-house engineered transflectance-type cell on a FOSS 
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XDS NIR spectrometer. The purpose was to try to measure the water in a comparable 
way to which it was being measured within the samples. Therefore, a stationary cell 
was filled with distilled water and covered with a piece of teflon, designed to 
replicate the internal spectralon tile from which the normal background spectrum is 
taken. The path length of the cell was approximately 2 mm. The raw spectrum is 
illustrated in Figure 128. Although detector saturation is experienced in the 
1900-2000 nm region, the area of interest, between 1240 nm and 1640 nm is 
unaffected and shows significant absorbance. A shoulder can be seen at 
approximately 1330 nm, which supports the theory that the peak present in the mud 
samples is caused by water vibrations.  
 
Figure 128- Spectrum of distilled water showing shoulder at 1330 nm 
To further test this theory, the response of this peak was monitored whilst modifying 
the ionic content of the water samples. This was performed by measuring the 
transflectance spectra of 2 M, 1.5 M, and 1 M potassium chloride solutions, and 
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comparing them to the spectrum of distilled water. It was expected a shift in the peak 
would be observed due to the disruption of the hydrogen bonding network within the 
sample [178, 203-205]. In the normalised (SNV) spectrum, the peak at 
approximately 1330 nm was observed as a shoulder (Figure 129). Magnification of 
the region showed a shift to a shorter wavelength, as the concentration of potassium 
chloride increased, indicating less hydrogen bonding was occurring, which supported 
the literature. The shifting can also be seen in the traditional water vibration regions 
at approximately 1170 nm and 1450 nm. 
 
Figure 129- Normalised spectra of potassium chloride solutions with inset showing shifting of the peak 
at 1330 nm 
The movement of the shoulder was more clearly observed in the second derivative 
spectrum displayed in Figure 130, where the peak was identified as a trough. Again, 
an inset showing the region of interest at higher magnification allowed the shift to be 
identified with ease. The shifting observed in Figure 130 appeared to increase in 
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wavelength with potassium chloride concentration; this is due to the effects of the 
second derivative algorithm.  
 
Figure 130- Second derivative SNV spectra of potassium chloride solutions with inset showing shifting 
of the peak at 1330 nm 
Although the shift observed in the spectra supported the theory that the peak detected 
at 1330 nm was related to water, this process does not describe the specific effect of 
water which was being observed. The response may be due to relationships with 
hydroxyl ions, partially hydrogen bonded water molecules or even interactions with 
hydrogen ions. Further work is required to be able to qualify the reactions are 
occurring and should form part of a future work program.  
Returning to discussion on the mud potassium calibration, the peak at 1373 nm likely 
corresponds to the ν1 + ν3 combination of water, which was strongly positive. This 
was followed by a strongly negative relationship showing small differential peaks at 
1418 nm and 1431 nm, which likely relate to the first overtone O-H stretch of 
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hydroxyl ion, and the C-H stretching combinations of lignin, respectively. This was 
followed by the return to a positive relationship in the water stretching and 
combination region between 1455 nm and 1492 nm. 
The remainder of the spectrum showed more complex relationships between the 
correlation and treated spectrum plots, but were mostly negative contributions. This 
begins with a significant peak at 1418 nm, which has been ascribed to lignin. A small 
positive region between 1455 nm and 1492 nm may indicate some residual water 
molecules, H-bonded only to other water molecules. The negative contribution 
between 1492 nm and 1667 nm identifies various hydroxyl-active regions, as well as 
carbonyl stretching activity; including the third overtone C=O stretch for amide I 
between 1480 nm and 1670 nm, third overtone C=O stretching for solid primary 
amines between 1510 nm and 1530 nm, and third overtone C-O stretching for 
carboxylic acids between 1560 nm and 1610 nm. It is unexpected this region showed 
a negative relationship as the carbonyl group is in very close proximity to the sodium 
or potassium salt in the PHPAM molecule.  
  
 
Figure 131- Mud calibration coefficient overlaid with treated spectrum- SG1 potassium 
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A positive region between 1667 nm and 1733 nm was likely due to the third overtone 
of CH2 and CH3 asymmetric C-H deformation vibrations, which exist between 
1700-1730 nm and 1710-1740 nm, respectively. Also present may be the first 
overtone C-H stretching of CH2, located between 1700-1760 nm. A small negative 
region between 1733 nm and 1758 nm was attributed to first overtone C-H stretching 
of carbonyl compounds; this continues the observed trend of the negative 
relationships for carbonyl functional groups. 
A strong negative relationship was identified at 1870 nm and was ascribed to the 
third overtone of the C-H deformations present in lignin and cellulose; usually 
observed between 1850-1880 nm. This could be identifying the distinction between 
the contributions of the mud samples and composite samples to the calibration. This 
region also likely represents the ν2+ν3 combination band of water, at 1875 nm. A 
sharp and defined peak at 1897 nm showed a positive relationship for the second 
overtone of C=O stretching combination for carboxylic acids, usually found between 
1890 nm and 1920 nm. The negative region between 1900 nm and 1932 nm was 
likely due to the second overtone C=O stretching of carboxylic acids found in protein 
and the first overtone O-H stretching due to phosphoric acid. 
A broad positive region follows this, which contains the combination bands of water 
between 1932 nm and 1940 nm; proceeded by N-H stretching and bending 
combination of primary amines, present in the PHPAM, between 1970 nm and 
2010 nm. Also present in this region is the associated C=O stretch of the solid 
primary amine (second overtone), between 2000 nm and 2050 nm. 
  Chapter Seven 
 
232 Queensland University of Technology Science and Engineering Faculty 
 
Once again, a broad region with a negative relationship was due to the C=O and C-O 
stretching region between 2039 nm and 2215 nm. This is probably identifying the 
protein and lignin based carbonyl and carboxyl substituents among those of the 
PHPAM, which will allow distinction through their ionic associations. These include 
the second overtone C=O stretch of amide I between 1980 nm and 2220 nm, and the 
second overtone C-O stretching of COOH, found between 2080 nm and 2140 nm. 
Also present in this region may be the second overtone of the O-H deformation of 
hydroxyl groups, usually seen between 2060 nm and 2090 nm. 
The penultimate region, found between 2215 nm and 2251 nm, showed a positive 
relationship and was likely due to an amide vibration, which is active in this region. 
The final region between 2251 nm and 2300 nm, which showed a negative 
relationship, identified the C-H stretching and combination bands. These are 
probably representative of interactions within lignin and proteins, which do not 
correlate with potassium.  
As was hypothesised, contributions from carboxylic and amide functional groups 
could be identified throughout the spectrum; however, most of the contributions were 
negative, which was unexpected. Alternatively, the prevalence of the water 
vibrations in positive regions of the plot, as well as the newly discussed peak at 
1330 nm, suggested these are the true factors that allow the potassium calibration to 
function well when the mud and ash materials are combined. Also noteworthy was 
the trend the hydroxyl-related regions of the plot showed consistent negative 
contributions to the calibration. This may suggest the influence of potassium on the 
material is restricted to its effect on molecular water and the formation of hydration 
spheres rather than the formation of hydroxide salts. 
The potassium effect  
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To test whether the increased moisture content of the composite material was 
responsible for the detection of potassium in the feldspar, a further experiment could 
be designed by artificially increasing the moisture of multiple ‘pure’ ash samples and 
measuring their NIR spectra. The quality of the resulting calibration would 
conclusively indicate whether the extra moisture allowed ionic exchange within the 
feldspar, or whether there was some other chemical interaction occurring between 
the mud and ash materials. 
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8.0 CHAPTER EIGHT 
CONCLUSION 
The preceding chapters have provided an extensive investigation into the feasibility 
of NIR spectroscopic methods to provide nutrient composition analysis of sugarcane 
by-products, mill mud and mill ash. Ultimately, the small dataset was limiting, 
however, acceptable statistics were obtained for most calibrations, regardless. 
Principal component analysis of the wet chemistry data showed clustering of the 
samples into three distinct groups, which was supported by fuzzy cluster analysis. 
Investigation of the physical and chemical characteristics of each of the group 
allowed a thorough understanding of the composition of each of the materials and 
identified that the third, unexpected group was composed of composite samples 
which were a mixture of the mud and ash. Further, this allowed for a more 
comprehensive assessment and understanding of the NIR spectra and the behaviour 
of each of the calibrations.  
A comprehensive list of the suggested band assignments for each of the materials 
was compiled and used to predict the vibrational activity contributing to each 
calibration. Fifty calibrations were developed, using various derivative and 
normalising pre-treatments, and were assessed for their quality and predictive ability.  
Overall, the calibrations for mud samples performed well and as expected, except for 
the potassium calibration, which produced exceptional calibration and validation 
statistics. The carbon and nitrogen calibrations were optimised with first and second 
derivative standard normal variate pre-treatments, respectively, and are likely to 
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continue favourably with expansion of the dataset. Detection of phosphorus was 
optimised with multiplicative scatter correction and first derivative pre-treatments; 
however, the second derivative pre-treatment also produced similar statistics. These 
calibrations weren’t outstanding, however are likely to improve significantly upon 
expansion of the dataset. The potassium calibrations produced excellent statistics, 
especially for first derivative Savitsky-Golay pre-treatment. This instigated further 
investigation into the interactions between the mud and ash samples. The outcome of 
this investigation identified the composite samples to be the main cause of the 
successful calibration and provoked the suggestion that all samples require high 
moisture contents for the detection of potassium by NIR. Finally, the silicon 
calibrations all produced poor statistics which was likely due to the presence of the 
silicon as inorganic minerals. When considering the availability of the nutrient to the 
plant, as well as the poor statistics, it was decided further investigation and expansion 
of the calibrations was unnecessary and unlikely to improve the results. The 
calibrations for the ash samples all produced poor statistics. These may improve 
upon expansion of the dataset; however, it is unlikely due to the inorganic matrix of 
the mill ash. 
Future work is required to build these calibrations into a working package that would 
allow for implementation into the mill. Firstly, simply acquiring more data is 
required. This data should, in stages, include multiple seasons and span a broader 
geographical coverage of the industry. As the dataset expands, judicious use of 
Shenk and Westerhouse’s CENTER and SELECT [100, 101] algorithms will allow 
robust calibrations to be built whilst reducing the amount of wet chemistry required 
to support the development. It is expected global calibrations will be achievable for 
the Australian market, however yearly modification will be required to maintain 
Conclusion  
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seasonal fluctuations and crop cycles. If a global calibration is developed, it will 
likely require a calibration set consisting of multiple crushing seasons as well as mill 
mud from most mills and milling regions. Upon further development, it is envisioned 
this technology can be applied in multiple formats within the factory. Primarily, the 
mill mud nutrient calibrations could be combined with the existing suite of 
calibrations for factory products designed for basic bench-top instruments. This will 
allow a sub-sample of each truck-load of mill mud to be measured manually during 
loading. The driver can then relay this information to the farmer for inclusion in 
Reef-Wise Farming and precision agriculture calculations when the material is 
applied to the field. There is also scope to implement in-line or on-line systems to 
measure nutrients in mill mud by mounting a process instrument above the rotary 
drum, mud belt or at the hopper as the material is loaded into the mud distribution 
truck. However, at this time, in-line applications are unlikely to be economically 
viable for single use applications such as this due to the significant capital cost of the 
instruments. 
Further investigation into the chemistry and spectroscopic behaviour of the samples 
is required for a better understanding of how the calibrations are achieved. This may 
allow more specialised wavelength regions to be used in the calibration development, 
improving the statistics and robustness of the calibrations. Also, this may provide 
insight into potential modifications to the processing of the materials to allow 
improved detection of the nutrients, similarly to the improved visibility of potassium 
in high moisture environments. A proposed experiment is the addition of PHPAM to 
various manufactured mixtures of the mud and ash samples, measuring the detection 
and response with NIR spectroscopy.  
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Overall, this project was a successful proof of concept exercise that showed the 
potential of NIR spectroscopy to identify the concentrations of carbon, nitrogen, 
phosphorus and potassium in sugarcane by-products. 
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